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NORMALIZED SOCIAL DATA

(\ 380

SIGNAL_ID: UNIQUE SIGNAL IDENTIFIER

TIME; TIME SIGNAL WAS GENERATED

TIME BUCKET: MONITORED TIME PERIOD ASSOCIATED WITH SIGNAL
SIGNAL TYPE: POST, REPLY, ECHO

CONTENT TYPE: TWEET, WALL POST, BLOG, FORUM, VIDEQ,
COMMENT, PHOTO

SERVICE ACCOUNT ID: IDENTIFIER OF ACCOUNT THAT ORIGINATED
THE SIGNAL

ECOSYSTEM ACCOUNT ID: IDENTIFIER ASSIGNED TO THE ANALYTIC
SYSTEM ACCOUNT FOR THE ECOSYSTEM CONTAINING THIS SIGNAL

SERVICE: TWITTER, FACEBOOK, YOUTUBE, ETC.
URL: URL TO THE SIGNAL

PARENT SIGNAL ID: IDENTIFIER OF ORIGINAL SIGNAL FOR REPLY OR
ECHO SIGNAL

TAGS: HASH TAGS TAGGED TO THE SIGNAL
LINKS: URL LINKS EMBEDDED IN SIGNAL

CONTENT: CONTENT OF SIGNAL.
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ENRICHED SQCIAL DATA

INDUSTRY_ID: IDENTIFIER QF INDUSTRY
ASSOCIATED WITH SIGNAL. OBTAINED FROM SIGNAL
SOURCE, DOMAIN DATABASE, OR CONVERSATION

BRAND_ID: IDENTIFIER OF BRAND ASSOCIATED WITH 420
SIGNAL. OBTAINED FROM SIGNAL SOURCE, DOMAIN \/
DATABASE, OR CONVERSATION

ECOSYSTEM_ACCOUNT_ID: IDENTIFIER OF THE
ACCOUNT THAT OWNS AN ECOSYSTEM ASSOCIATED
WITH SIGNAL

REGION ID: IDENTIFIER OF THE GEOGRAPHIC
REGION ASSOCIATED WITH THE SIGNAL GATHERED
FROM SIGNAL SOURCE, COMPANY ACCOUNT, OR
CONVERSATION

NETWORK_SIZE: SIZE OF NETWORK REACHED BY
THE SIGNAL

NETWORK STRENGTH: STRENGTH OF THE NETWORK
SIGNAL WAS BROADCAST TO

CONVERSATION_ID: IDENTIFIER OF A
CONVERSATION THE SIGNAL BELONGS TO

FIG. 16
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IDENTIFY A BRAND ASSOCIATED WITH 428
AN ACCOUNT [—

BRAND MENTIONED IN SiGNAL [ 430

COMPETITIVE BRAND MENTIONED 432
WITHIN TEXT OF THE SIGNAL S

TOPICAL AL!GNMENT OF THE SIGNAL 434
- WITH COMPANY CONTENT TARGETED N
TOWARD THE BRAND

CONVERSATIONS WITH OTHER 436

SIGNALS ASSOCIATED WITH N—
THE BRAND

y
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ANALYSIS

RATING: OVERALL RATING OF SIGNAL OR ACCOUNT

SIGNAL COUNT: NUMBER OF SIGNALS IDENTIFIED FOR
THE ACCOUNT FOR A PARTICULAR TIME PERIOD 440

RATING_COUNT: NUMBER OF RATINGS ACCOUNT HAS
RECEIVED

LIKES: NUMBER OF TIMES THE SIGNAL WAS LIKED
DISLIKES: NUMBER OF TIMES THE SIGNAL WAS DISLIKED
FAVORITES: NUMBER OF TIMES THE SIGNAL FAVORITED

IMPRESSIONS: NUMBER OF TIMES THE SIGNAL HAS BEEN
VIEWED

LISTINGS: NUMBER OF TIMES THE SIGNAL HAS BEEN
ADDED TO A SIGNAL LIST

MENTIONS: NUMBER OF TIMES AN ACCOUNT OR SIGNAL
HAS BEEN MENTIONED

SENTIMENT: A SENTIMENT SCORE BASED ON SENTIMENT
CLASSIFIERS {NEGATIVE, NEUTRAL, POSITIVE)

FIG. 18
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MEASURES

IDENTIFY CONVERSATIONS 461
ASSOCIATED WITH ACCOUNT S~

v

IDENTIFY CONSTITUENTS 462
ASSOCIATED WITH ACCOUNT P

IDENTIFY COUNTS FOR

CONVERSATIONS AND \__AL(M'
CONSTITUENTS
IDENTIFY STRENGTH OF 466
CONVERSATIONS ASSOCIATED WITH [~__ -~
ACCOUNT
DERIVE SCORE FOR ACCOUNT BASED 468

ON STRENGTH OF CONVERSATIONS . .~
ASSOCIATED WITH THE ACCOUNTS

r
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ACCOUNT SIZE
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BENCHMARKS FOR SELECTABLE
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METHOD AND SYSTEM FOR TEMPORAL
CORRELATION OF SOCIAL SIGNALS

The present application is a continuation-in-part of U.S.
patent application Ser. No. 13/682,449, entitled: APPARA-
TUS AND METHOD FOR IDENTIFYING CONSTITU-
ENTS IN A SOCIAL NETWORK, filed Nov. 20, 2012;
which is a continuation-in-part of U.S. patent application Ser.
No. 13/601,151, entitled: APPARATUS AND METHOD
FOR MODEL-BASED SOCIAL ANALYTICS, filed Aug.
31, 2012 which is incorporated by reference in its entirety.

BACKGROUND

Social networks are used by businesses to advertise and
market products. For example, a company may use a social
network to announce the launch of a new product. Consumers
then write blogs, send messages, etc. discussing and review-
ing the new product. The product launch may be considered a
success or a failure based on the social network interactions
surrounding the new product. For example, the product
launch may be considered a success when a large number of
consumers generate a large number of positive social network
reviews about the new product. The product launch may be
considered a failure when there is little “buzz” surrounding
the launch and only a small number of consumers generate a
relatively small number of social network reviews. The prod-
uct launch could also be considered a failure when a large
number of negative reviews are generated about the new
product.

Companies face a challenge monitoring and managing
social network interactions regarding their products. For
example, a large company may have millions of followers on
their social networks that send or post millions of messages
related to different products. Companies may not have the
human resources to manually monitor and manage such large
amounts of social network traffic.

Even if companies had the human resources to monitor
related social network traffic, it would still be difficult to
quantitatively measure the performance of social network
marketing campaigns. For example, the marketing campaign
may not necessarily be directed to increasing the sales of a
specific product, but may be directed to increasing general
product awareness. Reviewing a small window of subjective
consumer comments sent over social networks may not pro-
vide the quantitative analytics needed to clearly determine the
success to of the product awareness marketing campaign.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 depicts an example of a social analytic system.

FIG. 2 depicts an example of how constituent relationships
are associated with different accounts.

FIG. 3 depicts an example of how contextual dimensions
and relationships are identified for different accounts and
signals.

FIG. 4 depicts an example of how a conversation is asso-
ciated with an account.

FIG. 5 depicts an example process for associating different
parameters with a conversation.

FIG. 6 depicts an example of different contextual dimen-
sions and relationships assigned to a signal.

FIG. 7 depicts an example of how analytics may be gener-
ated for an account based on an associated conversation.

FIG. 8 depicts in more detail an example of a model based
social analytic system.
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FIG. 9 depicts an example of an analytics pipeline used in
the analytic system.

FIG. 10 depicts an example of collectors used in the ana-
Iytics pipeline.

FIG. 11 depicts example process performed by the collec-
tors.

FIG. 12 depicts an example of how signals are collected
from social networks.

FIG. 13 depicts an example of normalized signal data.

FIG. 14 depicts examples of metadata extracted from the
signals.

FIG. 15 depicts an example process for enriching signal
data with additional metadata.

FIG. 16 depicts examples of enriched signal data.

FIG. 17 depicts an example process for identifying a signal
associated with a contextual dimension for a brand.

FIG. 18 depicts an example of metrics generated from the
signals.

FIG. 19 depicts an example process for dynamically add-
ing accounts to the analytics system.

FIG. 20 depicts an example of a process for generating
scores for analytic system accounts.

FIG. 21 depicts an example of a process for displaying
analytics for different accounts.

FIG. 22 depicts an example of an electronic page display-
ing social analytics for the different accounts.

FIG. 23 depicts another example of an electronic page
displaying social analytics for the different accounts.

FIG. 24 depicts an example of how constituents are iden-
tified in an ecosystem.

FIG. 25 depicts an example process for identifying con-
stituents.

FIG. 26 depicts an example process for identifying advo-
cates.

FIG. 27 depicts an example process for distinguishing
between advocates and spammers.

FIG. 28 depicts an example process for identifying detrac-
tors.

FIG. 29 depicts an example process for identifying influ-
encers.

FIG. 30 depicts an example system for identifying similar-
ity and uniqueness of social signals.

FIG. 31 depicts an example user interface for displaying
constituent metrics.

FIG. 32 depicts an example user interface for displaying a
social business graph.

FIG. 33 depicts an example of a generic linear trend in time
series social media data,

FIG. 34 depicts an example of a generic periodic trend in
time series social media data.

FIG. 35 depicts an example of filtered time series social
media data.

FIG. 36 depicts an example of an anomaly detected in time
series social media data.

FIG. 37 depicts an example of how related events may be
identified in correlated social media data sets.

FIG. 38 depicts an example of how events may be predicted
in correlated social media data sets.

FIG. 39 depicts an example of a social analytic system
configured to temporally correlate social signals.

FIG. 40 depicts an example of a social signal time series
processing system.

FIG. 41 depicts an example of a computing device used for
implementing the analytic system.

DETAILED DESCRIPTION

A model-based social analytic system collects social sig-
nals for an expansive range of different industries in accor-
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dance or consistent with applicable laws or terms. Analytics
are derived from the social signals and used as benchmarks
for comparing social network performance relative to particu-
lar industries, companies, brands, competitors, geographic
regions, etc.

The model-based approach used by the social analytic
system identifies unique relationships between different
social network accounts and social signals. For example, the
analytic system may identify conversations related to a par-
ticular topic or brand and may distinguish between different
constituents participating in the conversations. The analytic
system may then derive quantitative analytics for the different
industries, companies, brands, geographic regions, etc. based
on the related conversations and constituents. The social ana-
Iytic system can more efficiently derive more accurate quan-
titative analytics by uniquely identifying and analyzing the
social signals that are most relevant to the social network
performance of a particular entity.

FIG. 1 depicts an example of a model based social analytic
system 100. In one example, data sources 102 may comprise
one or more social networks 104, such as Twitter®, Face-
book®, YouTube®, Google+®, or the like, or any combina-
tion thereof including pre-existing services that aggregate
social sources (such as BoardReader®). However, data
sources 102 may comprise any computing system or social
network that generates or aggregates messages that may be
exchanged or reviewed by different users.

Accounts 108 are stored within analytic system 100 and
identify corresponding social network accounts within the
social networks 104. In one example, accounts 108 may
attempt to identify substantially all of the social network
accounts for substantially every major company for a variety
of different industries. Accounts 108 also may attempt to
identify substantially all of the social network accounts for
substantially all of the products marketed by each of the
companies.

Any combination of computing devices, such as network
servers and databases may operate within analytic system 100
and collect signals 106 from Application Programmer Inter-
faces (APIs) or other collection schemes, including collecting
signals 106 from third parties. Signals 106 may contain con-
tent and/or metadata for messages sent or posted by the asso-
ciated network accounts. For example, signals 106 may
include the content of the message, the user account informa-
tion for the social network sending the message, tags identi-
fying the context of the message, a Universal Resource Loca-
tor (URL) for the message, a message type identifier, etc.

For explanation purposes, messages may refer to any com-
munications exchanged via a social network 104 and any
content or information that may be associated with the com-
munication. For example, messages may comprise posts,
blogs, Tweets, re-tweets, sentiment indicators, emails, text
messages, videos, wall posts, comments, photos, links, or the
like, or any combination thereof.

Accounts 108 and signals 106 may be associated with
contextual dimensions, such as companies 110A, brands
110B, geographic regions 110C, etc. Similarly, the accounts
108 and signals 106 may be associated with different types of
constituents 111, such as advocates, influencers, partners,
detractors, employees, spammers, or market participants.
Values of contextual dimensions 110 may be identified a
priori or may be determined from the message content or
metadata in signals 106. For example, Universal Resource
Locators (URLs) or hash tags within signals 106 may identify
a particular brand 110B. In another example, the message
content in signal 106 may include keywords that refer to
brand 110B.
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Constituents 111 may be based on the number and types of
messages sent from the associated social network accounts
and the metrics associated with the associated social network
accounts. For example, a first constituent that sends or posts a
large number of positive messages related to a particular
company may be identified as an advocate of the company. A
second constituent that has a relatively large number of fol-
lowers may be identified as an influencer.

Analytic system 100 may identify different relationships
112 between different signals 106, between different
accounts 108, and/or between different signals and different
accounts. For example, analytic system 100 may identify
different on-line conversations 112 associated with brand
110B. Signals 106 associated with conversations 112 about
brand 110B may be assigned associated conversation identi-
fiers.

Analytics system 100 then may generate different social
analytics 114 for brand 110B based on the associated conver-
sation 112 and constituents 110D participating in conversa-
tion to 112. For example, analytic system 100 may generate a
quantitative score for one of accounts 108 associated with
brand 110B based on the strength of conversations 112 asso-
ciated with brand 110B. The strength of conversations 112
may be based on the number of signals 106 and number and
types of constituents 110 participating in the conversations
112 related to brand 110B.

Contextual dimensions 110, constituents 111, and relation-
ships 112 allow analytic system 100 to derive quantitative
performance scores for a wider variety of different definable
entities. The modeling provided by contextual dimensions
110, constituents 111, and relationships 112 also allow more
efficient and accurate social analytics generation by identify-
ing and processing signals 106 most relevant to accounts 108.

FIG. 2 depicts a conceptual diagram showing in more
detail constituent relationships between different accounts. It
should be understood that this is just one example of how
social data may be modeled by the analytic system. Accounts
108D and 108E may represent social network accounts oper-
ated by companies. For example, a car company may operate
account 108D. Accounts 108D and 108E may be identified by
the analytic system as having a partner relationship. For
example, account 108E may be a wholesale or retail company
that sells cars for the car company operating account 108D.

Accounts 108A may represent social network accounts
operated by individuals. For example, one of accounts 108A
may be operated by a consumer that has purchased a vehicle
from the car company associated with company account
108D. The analytic system may identify individual accounts
108A as having a market relationship 115A with company
account 108D. For example, the analytic system may identify
individual accounts 108A that have sent, posted, or viewed
messages related to company account 108D. The analytic
system may identify other individual accounts 108B that have
market relationships 115B with company account 108E.

The analytic system also may identify employee relation-
ships 115C between individual accounts 108C and company
account 108 subject in all cases to compliance with applicable
laws and regulations. For example, individual accounts 108C
may be operated by employees of the company operating
company account 108D.

Individual account 108F may be identified as having an
influencer relationship 115E with company account 108E.
Similarly as for market relationships 115A and 115B, the
analytic system may determine that account 108F generates
messages, views messages, or has other types of interactions
related to company account 108E.
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However, individual account 108F may have a greater
influence in the social network than individual accounts 108A
and 108B having market relationships 115A and 115B,
respectively. For example, individual account 108F may be
identified as having a large number of followers or subscrib-
ers in the social network and therefore may be identified as
having an influencer relationship 115E with company
account 108E. The market relationships associated with indi-
vidual accounts 108 A and 108B may have been determined to
have a fewer number of followers or subscribers that personal
accounts with influencer relationships.

Individual account 108G may be identified as having both
an employee relationship 115F with company account 108D
and an advocate relationship 115G with company account
108E. For example, individual account 108G may be oper-
ated by an individual employed by the company operating
company account 108D. The employee also may send or post
a large number of messages about the company operating
company account 108E. The analytic system may determine
that the messages generated by individual account 108G
related to company account 108E have an overall positive
sentiment. Accordingly, the analytic system may identify an
advocate relationship 115G between individual account
108G and company account 108D.

Advocate relationships 115G may be different from influ-
encer relationships 155E. Influencer relationships 115E may
have some large number of interactions with different
accounts but may not necessarily have a large number of
interactions specifically with company account 108E. For
example, individual account 108F may send or post a large
number of messages about a large number of topics, but not
necessarily send or post a large number of messages to or
about company account 108E. However, as mentioned above,
individual account 108F may have a relatively large number
of followers. On the other hand, individual account 108G
having advocate relationship 115G may send or post a rela-
tively large number of positive messages to or about company
account 108E. However, individual account 108G may have a
relatively small number of followers or subscribers.

Distinguishing between influencer relationships and advo-
cate relationships may provide valuable analytics for the
company operating company account 108E. For example, the
company may want to increase or direct more social network
interactions or attention to individual account 108F (influ-
encer account) in order to persuade the individual operating
individual account 108F to start sending or posting more
positive messages about the company.

These directed interactions with individual account 108F
may result in a larger positive impact on the social network
rating for company account 108E than increasing interactions
with individual accounts 108A or 108B (market accounts) or
individual account 108G (advocate account). Individual
account 108F has been determined to have a relatively large
number of subscribers. Therefore, causing individual account
108F to generate more positive messages about company
account 108E may have a relatively large positive impact
within the social network.

The analytic system has already determined that advocate
account 108G generates a relatively large number of positive
messages related to company account 108E and has also to
determined that individual account 108G has fewer followers
than individual account 108F. Thus, increasing interactions
with individual account 108G may not substantially increase
the number of positive messages generated by individual
account 108G, increase the number of other social network
participants viewing positive messages regarding company
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account 108E, or increase in the overall social network per-
formance of company account 108E.

FIG. 3 depicts one example of a process for identifying and
assigning contextual dimensions to accounts and/or signals
and identifying other relationships between the contextual
dimensions and other accounts and signals. In operation 150,
the analytic system may identify metadata in the signals iden-
tifying different contextual dimensions. For example, the sig-
nal may include a URL that identifies a particular company,
brand, and/or geographic region. For example, the URL may
have the following format:

http://www.social_network.com/company/brand.

The signals may contain other tags that identify the con-
textual dimension. For example, the signal may include a
mention field, hash tag, etc. that identifies the company or
brand related to the associated message content. In operation
152, the analytic system may assign a unique contextual
dimension identifier to the signal identifying the company or
brand.

Alternatively, the analytic system in operation 150 may
identify keywords in the content of the signals that identify
the associated contextual dimension. For example, a user of
an account may post or send a message that discusses a
particular company, brand, etc. The analytic system may
compare keywords in the message with keyword topic clus-
ters associated with the company and/or brand. In operation
152, signals may be assigned contextual dimension identifiers
associated with the matching keyword topic clusters.

In operation 154, the analytic system may identify other
relationships between the accounts, signals, and/or contex-
tual dimensions. For example, the analytic system in opera-
tion 154 may identify the types of constituents associated
with the signals. For example, a company X may send or post
a message about one of their brands Y. In operation 152, the
analytic system may assign a first identifier to the signal
identifying the contextual dimension for the signal as brand Y
and in operation 156 may assign a second identifier to the
signal identifying company X as the sender or poster of the
message.

In another example, an employee of company X may send
or post a message about brand Y. The analytic system in
operation 152 may assign a first identifier to the signal iden-
tifying a contextual dimension for the signal as relating to
brand Y and in operation 156 assign a second identifier to the
signal identifying the sender or poster of the message as an
employee of company X. The employee relationship between
the signal and brand Y may be determined a priori from
information provided by the company or may be determined
by the analytic system from the URL for the signal that may
indicate the signal was sent from an employee account for
company X.

In yet another example, a message may be sent or posted
from an account that is not directly associated with company
X. For example, a consumer may send or post a message
related to brand Y. In operation 154, the analytic system may
identify the relationship between the consumer account and
the company X based on the number and/or types of signals
generated from the consumer account. As explained above,
the analytic system may identify the consumer account as an
advocate of the company X account when the consumer
account generates a large number of positive sentiment mes-
sages related to company X.

FIG. 4 depicts in more detail one example of how signals
are associated with a same conversation. Users of social net-
works may conduct conversations regarding different topics.
For example, a user may send or post messages regarding the
release of a new film. Other users then may respond to the
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original message and other users may respond to the
responses. The responses may repeat the original message,
add links to additional information related to the conversa-
tion, and/or provide sentiments regarding the conversation
topic.

The analytic system relates the communications together
as a conversation, identifies the account and contextual
dimension related to the conversation, and then generates
analytics for the account based on the conversation.

In operation 170, metadata may be identified that associ- 10 tifier 212B provides a unique identifier for signal 210 col-
ates social signals with a particular conversation. For lected from the social network.
example, a social network such as Twitter® may embed tags A root signal identifier 212C may identify a signal that
into signals identifying the message as a re-tweet of a prior started a particular conversation. For example, the root signal
Tweet message. In operation 172, the analytic system may may be the message sent or posted by a company announcing
assign a same conversation identifier to the original Tweet 15 a new product release. Conversation identifier 212D may
message and the re-tweet message. identify the conversation associated with signal 210. For
The analytic system may analyze the content of the mes- example, signal 210 may be a message commenting resend-
sage to discover signals related to the same conversation. For ing, viewing, re-tweeting, mentioning, etc. the new product
example, the words used in different messages may be com- release message associated with root signal identifier 212C.
pared in operation 174 and topic clusters may be generated 20  Ecosystem identifier 212E may identify the ecosystem
from the matching keywords in operation 176. In operation related to signal 210. As explained above, the analytic system
178, content in the social signals may be compared with the may identify an ecosystem as an account for a company and
keywords for the topic clusters. Social signals matching the all of the explicit followers of the company and all the com-
same topic cluster may be associated with a same conversa- munications generated within the context of the company
tion. In operation 180, the social signals associated with the 25 accounts that are publicly visible. Any account or signals
same conversation may be assigned a same conversation associated with the ecosystem may be assigned a same eco-
identifier. system identifier 212E and the number of followers in the
In operation 182, the conversations may be associated with ecosystem may be identified.
different contextual dimensions. For example, conversations A type identifier 212F may identify a type of message
may be associated with different companies, brands, geo- 30 associated with signal 210. For example, the message con-
graphic regions, etc. The signals may be assigned additional tained in signal 210 may be a post, tweet, re-tweet, echo, blog,
identifiers identifying the contextual dimension related to the etc. A topic identifier 212G may comprise a set of keywords
associated conversation. identifying a particular topic of the message contained in
FIG. 5 depicts an example process for associating other signal 210. Any topic can be identified but in one example the
metrics with conversations. In operation 188, a contextual 35 topic may be related to a company or brand.
dimension may be associated with the conversation. For An industry identifier 212H may identify a particular
example, as mentioned above, the conversation may be asso- industry associated with signal 210. A brand identifier 2121
ciated with a company, brand, service, industry, etc. may similarly identify a brand associated with signal 210.
In operation 190, a start time and a time of a latest addition Again the industry or brand may be identified from metadata
to the conversation may be identified. In operation 192, other 40 contained in the signal 210 or may be determined from the
time factors may be identified for the conversation. For content of the message contained in signal 210 using machine
example, the number of participants and sentiment of the learning algorithms.
conversation may be tracked over time. A sentiment 212J may identify a sentiment of the message
In operation 194, an account within an ecosystem contain- contained in signal 210. For example, the user generating the
ing the conversation may be identified. For example, the 45 message may have assigned a like or dislike sentiment iden-
conversation may be associated with a particular product and tifier to the message or the content 212M of their communi-
the product may be associated with an account for a particular cation may be identified by the system to be variously posi-
company. The ecosystem for the company may comprise the tive, neutral, negative, or otherwise. A time indicator 212K
explicit followers ofthe company and all the communications may identify when signal 210 was generated or collected
generated within the context of the company accounts thatare 50 from the social network. Strength value 2121, may identify
publicly visible. the strength of the conversation based on the number of other
In operation 196, a root signal initiating the conversation signals and the types of constituents participating in the con-
may be identified. For example, the conversation may spawn versation. Content 212M comprises the content of the mes-
from a product announcement sent or posted by a company. sage contained in signal 210. For example, content 212M may
Operation 198 may identity the social network service asso- 55 comprise a text message. links, photos, videos, or the like, or
ciated with the conversation. For example, the conversation any combination thereof.
may be conducted on a single social network, such as Twit- FIG. 7 depicts one example process for generating analyt-
ter® or may extend over different social networks such as ics for an account based on associated conversations. Again,
Twitter®, Facebook®, and YouTube®. FIG. 7 shows just one example of any combination of param-
Operation 200 may identify a strength of the conversation. 60 eters that may be used for generating any type of analytics. In
For example, the analytic system may derive an arithmetic operation 230, the analytic system may identify conversa-
average of the percentiles of average discussion length, com- tions for an account associated with a particular contextual
pany/constituent discussion strengths, total discussions, total dimension. For example, the conversation may berelated to a
signal count, constituent signal counts, and company signal particular product.
count. 65  In operation 232, the analytic system may identify the
Operation 204 may identify the type of communications different types of constituents participating in the conversa-
used in the conversation, such as posts, blogs, videos, com- tion. In operation 234, a sentiment and/or influence of the
47 of 65 IPR2025-00623
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ments, etc. and operation 206 may identify a geographic
region associated with the conversation. For example, some
of the signals associated with the conversation may include
videos and most of the signals associated with the conversa-
tion may come from accounts located in the United States.
FIG. 6 depicts an example of the contents of a signal 210
containing contextual dimension and conversation identifi-
ers. An account identifier 212A may identify the account in
the analytic system associated with signal 210. A signal iden-
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constituents may be identified. As described above, some
social networks may allow constituents to attach sentiment
ratings to messages. In another example, the analytic system
may derive the sentiment ratings from the messages using
machine learning algorithms. The sentiments of messages
generated by a particular constituent during the conversation
may be averaged to determine an overall sentiment for the
constituent.

The analytic system may also derive influence values for

the constituents. As also mentioned above, the analytic sys- 10 - - - L
. . as having a static relationship with the company account.
tem may identify the number of messages sent or posted by to The d . ial h b Cof (s 108 that
the constituents, the number of followers of the constituents, ¢ dyhatie social graph may be a set ofaccounts a
the number of messages of the constituents resent in other have interacted with the company account in some way
g . . . .
messages, etc. Any combination of these influence factors whether or not there isa sPatlc relationship. For example, an
may be combined to derive influence values for the constitu- 15 accoun.t 108 may mention in a message the company associ-
ents participating in the conversation. ated with the company account or may forward a message
Operation 236 may determine the size and strength of the from the company account.
conversations. For example, the analytic system may deter- The ecosystem for the company account also may be delin-
mine an overall size and strength of the conversations based ~ eated based on constituent type. As mentioned above,
on the number of constituents participating in the conversa- 20 examples of constituents may include the company itself,
tion, the influence of the constituents participating in the employees, partners, advocates, detractors, market, and influ-
conversation, the number of messages sent during the con- encers. For example, employees may be employees of the
versation, etc. company, and partners may be distributors, retailers, or sub-
In operation 238, the analytic system may generate analyt- sidiaries having a business relationship with the company.
ics for an account based on any of the above conversation 25 Advocates may be associated with accounts that frequently
metrics. For example, the analytic system may generate a generate positive messages about the company and detractors
quantitative score for a brand associated with the conversa- may be associated with accounts that frequently generate
tion based on any combination of the types and number of negative messages about the company.
constituents, influence and sentiment of the constituents, and Influencers may have a relatively large influence on the
overall size and strength of the conversation about the brand. 30 social network. For example, influencer accounts may have a
FIG. 8 depicts a more detailed example of the analytic large number of social network followers. Market may com-
system 100. Analytic system 100 may comprise an array of prise any other accounts that may send, post, or view mes-
local and/or cloud-based computing and storage devices, sages related to the company.
such as servers and database systems for accessing and pro- Analytic system 100 may comprise an analytic pipeline
cessing data collected from different social networks 104. A 35 300, a measures module 302, and a social business index
computing device 308, such as a personal computer, com- module 304. Analytics pipeline 300 may comprise software
puter terminal, mobile device, smart phone, electronic note- configured to collect signals 106 from the different social
book, or the like, or any combination thereof may be used for networks 104 associated with accounts 108. Measures mod-
viewing the analytic data 306 generated by analytic system ule 302 may comprise software configured to generate met-
100. For example, computing device 308 may access and 40 rics from the social signal data collected by analytic pipeline
display analytic data 306 via a web browser or mobile device 300. Social business index (SBI) 304 may comprise software
application. In other embodiments, some or all of analytic configured to use the data collected and generated by analyt-
data 306 may be generated by computing device 308. ics pipeline 300 and the measures module 302 to display
All of the different computing devices within analytic sys- social analytic data 306 identifying social business perfor-
tem 100 may be coupled together via one or more buses or 45 mance, adoption, and any other social activity. For example,
networks. Similarly, analytic system 100 may be coupled to social analytic data 306 may display quantitative scores for
social networks 104 and computing device 308 via one or different companies, social relationships between brands and
more buses or networks. The to busses or networks may their engaged audiences of various constituents, and provide
comprise local area networks (LANs), wide area networks real-time benchmarking for industries, companies, brands,
(WANSs), fiber channel networks, Internet networks, or the 50 competitors, or geographic regions.
like, or any combination thereof. FIG. 9 depicts one example of analytics pipeline 300 in
In one example, analytic system 100 may continuously more detail. Multiple collectors 320 are configured to interact
track social performance for thousands of companies and with various social networks 104 to collect signals 106. Col-
create one or more accounts 108 for each of the companies. As lectors 320 may collect signals 106 in a native or raw form
mentioned above, accounts 108 may be associated with 55 provided by social networks 104 and store the signals as raw
accounts on different social networks 104, such as Twitter® data 328. Signals 106 may comprise the messages to gener-
accounts, Facebook® accounts, YouTube® accounts, or any ated from the social network accounts and the metadata asso-
other data source where social signals 106 may be generated. ciated with the messages. For example, the messages may
The accounts on social networks 104 may be operated by comprise text, audio, video, links sent or posted from a social
companies, individuals, or any other entity. 60 network account. The messages may be in any format, such as
The analytics system 100 may assign contextual dimension a blog, post, Tweet, etc.
identifiers to accounts 108 identifying the companies, brands, The metadata associated with the messages may identify
services, individuals, or any other entity operating the asso- any static or dynamic relationship between the social network
ciated accounts in social networks 104. One of accounts 108 account and other social network accounts on the same net-
associated with a company may be referred to as a company 65 work. For example, static relationship data may identify
account. The company account 108 may have an associated social network accounts for employees, brands, etc. located
social graph consisting of other related accounts 108. The set under a domain for a company network account. As described
48 of 65 IPR2025-00623
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of all accounts 108 related to the company account may be
referred to as an ecosystem of the company account. The
ecosystem for the company account may comprise both a
static social graph and a dynamic social graph.

The static social graph may comprise the set of all accounts
108 that either follow or are followed by the company account
and may comprise a statically defined relationship between
the accounts. For example, an account 108 associated with a
brand or subsidiary of the company account may be identified
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above, these static account relationships may alternatively be
referred to as the static social graph for the company account.

The metadata may also identify dynamic relationships
between social network accounts. For example, the metadata
in one of signals 106 may indicate the signal mentioned or
resent another message from another social network account.
As also described above, the dynamic relationship between
signals and accounts may be alternatively referred to as the
dynamic social graph for the account.

Normalize module 322 may convert raw data 328 into
normalized data 330. For example, normalize module 322
may convert the different formats of the messages generated
by the different social networks 104 into a generic format and
load the content and metadata for the messages into columns
of a table. The original format used in the messages may be
identified in the table.

Enrichment module 324 may identify or generate addi-
tional metadata that identifies contextual dimensions, con-
stituents, and relationships for signals 106. For example,
enrichment module 324 may identify signals 106 related to
specific brands and may identify signals 106 that form con-
versations about those brands. Analysis module 326 may
generate additional metrics 332 for the normalized/enriched
data 330. For example, analysis module 326 may generate a
score for an account based on the number and types of con-
versations and to constituents associated with the account.

A workflow coordinator 318 may coordinate the opera-
tions performed by the different modules in analytic pipeline
300. For example, workflow coordinator 318 may determine
how often collectors 320 collect signals 106 from social net-
works 104 and when normalize module 322, enrichment
module 324, and analysis module 326 process the signals.
FIG. 10 shows a more detailed example of collectors 320.
Collectors 320 may use application programmers interfaces
(APIs) to collect the social signals 106 from the social net-
work accounts within social networks 104. Two different
types of collectors 320 may be used. Polling collectors 320A
may be used as a client-initiated pulling mechanism to make
API calls to associated social networks 104A. In one
example, the polling collector 320A may be scheduled by
workflow coordinator 318 to run at regular periodic intervals,
such as every 15 minutes, 30 minutes, hour, etc.

Streaming collectors 320B may use a server-initiated push
mechanism where APIs in social networks 104B continu-
ously push new signals to streaming collectors 320B in real-
time. Collectors 320 may operate independently from other
processing modules in the analytics pipeline to improve per-
formance.

Collectors 320 may continuously collect social signals 106
for entire industries. For example, collectors 106 may collect
social signals 106 from substantially every known social net-
work account operated by car companies. An initial set of
seed accounts 108 may be provided to collectors 320 and may
identify substantially all of the social network accounts for
the different car companies. For example, one of the seed
accounts 108 may identify a first account on Facebook® for a
car company and a second seed account 108 may identify a
second account on Twitter® for the same car company. Seed
accounts 108 also may identify social network accounts for
different car brands marketed by the car companies. For
example:

Seed Account #1=http://Twitter@car company

Seed Account #2=http://Twitter@car company_car brand

New accounts 108 may be added to the collection process
via social business index (SBI) 304. For example, a user may
use a SBI interface to identify a new company account or
individual account in a social network for collecting social
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signals. The new account may be validated by one of collec-
tors 320 and then synchronized into a master list with existing
accounts 108.

Analysis module 326 may dynamically identify and add
new accounts 108. For example, analysis module 326 may
identify messages generated about a product. Some of the
signals containing the messages may have come from a social
network account that does not currently exist in accounts 108.
For example, one of the social network accounts may belong
to a company that does not currently have an associated
analytic system account 108. In another example, the social
network account may be owned by an individual that sends or
posts large numbers of messages about products sold by the
company.

Analysis module 326 may identify the social network
account as a source, influencer or advocate for the company
and automatically add a new account 108 to the analytic
system that identifies the social network account. Collectors
320 then may start periodically collecting signals from the
newly identified social network account.

FIG. 11 depicts an example process for the collectors. In
operation 360, the collectors identify accounts in an account
database of the analytic system for collecting social signals.
Some accounts may be provided a priori and used as seed
accounts. For example, a company may provide all of the
social network accounts associated with their company, all
social network accounts for with any products sold by that
company, and/or all social network accounts for employees
that work for the company.

In operation 361, new accounts may be dynamically added
to the existing accounts either manually by users via the social
business index interface or automatically by the analytic
module. In operation 362, the collectors are triggered to poll
signals from the social networks identified by the accounts.
For example, some social signals may be collected from the
social networks every 15 minutes. Other signals may be con-
tinuously streamed from the social networks to the collectors.

In operation 364, some signals may be missing. For
example, the servers operating the polling or streaming APIs
may temporarily go down or be overloaded and lose connec-
tivity with the collectors. In operation 366, the collectors may
automatically poll the social networks for the missing signals.

In operation 368, the collectors may extract all necessary
content, account, and meta-data contained in the signals. For
example, the collectors may extract the content of the mes-
sages that are posted or sent from the account, extract meta-
data that identifies the types of messages, and extract account
information that identifies the static relationship of the
account to other accounts. Operation 370 may store the social
signals in time buckets. For example, all of the social signals
collected during a particular time period may be assigned to
the same time bucket. The time buckets allow the analytic
system to generate analytics for any definable time period,
such as for a particular hour, day, month, year, etc.

FIG. 12 depicts another example of how collectors 320
may extract data from the signals generated by different
social networks. Accounts 108 may identify a first social
network (SN_104A) containing an account for a business A
(SN_104A@BIZ_A). Accounts 108 may identify a second
social network (SN_104B) containing an account for a con-
stituent A (SN_104B@CONSTITUENT_A) and an account
for a constituent B (SN_104B@CONSTITUENT_B).

Collectors 320 collect the signals from the social networks
104A and 104B associated with accounts 108. In one
example, collectors 320 may collect a signal #1 that contains
a message generated from the social network account of
business A announcing the launch of a new phone. Collectors
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320 may collect a second signal #2 from the social network
account of constituent A providing a favorable review of the
new phone. Collectors 320 also may collect a third signal #3
from the social network account of constituent B providing a
negative review of the new phone. Collectors 320 may store
the contents of signals #1, #2, and #3 as raw signal data 328.

Collectors 320 may also extract metadata associated with
the signals. For example, a Tweet message may contain a
mention tag identifying the new phone. The collectors extract
and store the mention tag with the Tweet message. The ana-
Iytic system may use the mention tag to associate the signal
with a contextual dimension. For example, the mention tag
may identify the brand name of the new phone and an asso-
ciated brand identifier may be assigned to the signal. Simi-
larly, collectors 320 may extract and store hash tags from the
messages identifying different contextual dimensions for the
signals.

FIG. 13 depicts a conceptual example of normalized signal
data generated by the normalize module 322 for the analytic
pipeline shown in FIG. 9. This of course is just a small
example of different content, metadata, and other parameters
that may be extracted from the social signals. Different con-
tent and metadata may be extracted from the raw signal data
and loaded into associated columns of table 380.

Each column of table 380 may represent a different param-
eter associated with a signal and each row of table 380 may
contain the parameter values for a different signal. For
example, column 382A may identify the social network
account that posted or sent the message and column 382B
may identify the social network account where the message
was sent. Field 382B may be null when a message is posted
and not sent to a specific network account. Column 382C may
identify the social network producing the signal. Column
382D may identify the date and time the signals are generated
or collected and column 382E may assign unique identifiers
to each signal.

Column 382F may identify the type of message associated
with the signal. For example, signal #1 may contain a mes-
sage posted on a Facebook® account, signal #2 may contain
a Tweet message sent from the Twitter® account for constitu-
ent A, and signal #3 may contain a re-tweet message sent from
the Twitter® account for constituent B. Column 382G may
contain the content of the message. For example, column
382G may contain the text messages posted or sent from the
different social network accounts.

The normalize module converts the signals from the dif-
ferent social networks into a generic format for easier analytic
system processing. However, the normalization process still
maintains the signal metadata that may identify static or
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ECOSYSTEM ACCOUNT ID: Identifier of the account

for an ecosystem containing this signal.

SERVICE: The social network used for generating the

signal, such as Twitter®, Facebook®, YouTube®, etc.

URL: The URL for the social network account that gener-

ated the signal.

PARENT SIGNAL ID: The identifier of the original signal

for a reply or echoed signal.

TAGS: Hash tags tagged to the signal.

LINKS: URL links embedded in the signal.

CONTENT: Content of signal.

FIG. 15 depicts an example of a process for enriching
normalized signal data. In operation 400, account identifiers
are assigned to the collected signals. For example, signals
received from a particular social network account may be
assigned an account identifier associated with the social net-
work account. In operation 402, contextual dimensions may
be assigned to the signals. As discussed above, the analytic
system may identify an industry, company, brand, etc. with
the account or the signal. For example, the signal may be
collected from a social network account associated with a
particular car brand sold by a car company. The signal may be
assigned an industry identifier associated with the automobile
industry, assigned a company identifier associated with the
car company, and/or assigned a brand identifier associated
with the car brand.

Operation 406 may associate geographic regions with
accounts or signals. For example, a social network may
include social network accounts for different geographic
regions, such as North America, Europe, Asia, etc. The ana-
Iytic system may assign location identifiers to the accounts
and signals identifying the associated geographic regions.
The geographic region identifiers provide yet another contex-
tual dimension for generating social analytics.

Operation 408 may identify constituent types associated
with the accounts. As to discussed above, one account may be
associated with a car company and a second account may be
associated with an individual who frequently comments on
the products produced by the car company. An identifier may
be assigned to the individual account identifying the indi-
vidual account as a particular type of constituent of the car
company, such as an advocate, detractor, influencer, market,
partner, etc.

Operation 410 may identify a size and/or strength of the
networks associated with the contextual dimensions,
accounts, signals, etc. For example, the company account
may have a number of members, subscribers, employees,

dynamic relationships with other signals or accounts. For 50 followers, etc. The total number of these associations may be
example, the retweet identifier in column 382F may indicate counted and identified as the network size for the company
signal #3 contains a previously sent message from signal #2 account. The number of signals that are sent, posted, received,
and therefore may identify signal #2 and signal #3 as being and/or viewed by on the company account also may be
part of the same conversation related to the new phone. tracked. The network strength for the company account may
FIG. 14 shows other examples of information that may be 55 be derived from the number of signals associated with the
extracted from the social signals and loaded into table 380. account for a give time period, size of the company account,
Again these are just examples of any number of parameters types of constituents associated with the company account,
that may be extracted from the social signals. and/or any other parameters that may indicate a robustness of
SIGNAL_ID: A unique identifier for the signal. the social interactions for a particular account.
TIME: The time the signal was generated. 60 Operation 412 may identify conversations associated with
TIME BUCKET: A monitored time period associated with different signals and/or accounts. As explained above, differ-
the signal. ent signals may be associated with a same contextual dimen-
SIGNAL TYPE: POST, REPLY, ECHO. sion or topic of conversation and assigned an associated con-
CONTENT TYPE: Tweet, wall post, blog, forum, video, versation identifier.
comment, photo, etc. 65  FIG. 16 depicts one example of a table 420 containing
SERVICE ACCOUNT ID: Identifier of the account that some of the metadata described in FIG. 15 that is added to the
originated the signal. signals.
50 of 65 IPR2025-00623
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INDUSTRY_ID: Identifier of industry associated with sig-
nal. The identifier may be obtained from the signal con-
tent, a domain database, or from a conversation associ-
ated with the signal.

BRAND_ID: Identifier of brand associated with the signal.
The identifier may be obtained from the signal source,
domain database, or associated conversation.

ECOSYSTEM_ACCOUNT_ID: Identifier of an account
that owns an ecosystem associated with a signal. The
ecosystem can be any accounts, signals, or contextual
dimension associated with the account.

REGION ID: Identifier of the geographic region associated
with the signal. The identifier may be gathered from the
signal source, company account, or conversation.

NETWORK_SIZE: Size of network reached by the signal.

NETWORK STRENGTH: Strength of network associated
with the signal. For example, a signal broadcast to a
network with a large number of subscribers may a larger
strength value than a network with fewer subscribers.

CONVERSATION_ID: Identifier of a conversation the
signal belongs to.

FIG. 17 shows one example of how signals may be asso-
ciated with a particular brand. This is just one example of how
signals can be associated with any contextual dimension. In
operation 428, the analytic system may identify a brand asso-
ciated with a particular account. As discussed above, the
brand may be identified and associated with a particular
social account based on a priori data provided by a company
or the brand may be dynamically derived, discovered, and/or
associated with the account by the analytic system. An iden-
tifier associated with the brand may be assigned to the
account.

In operation 430, the brand may be mentioned in messages
contained in the signals. In operation 432, signals may men-
tion competitive brands. For example, a message may com-
pare the brand to other similar competitive brands in a same
industry. In operation 434, words in the signal messages may
be aligned with company content targeted toward the brand.
For example, a topic cluster of keywords may be derived from
the social signals generated by the company account that
markets the brand. A topic vector for the topic cluster may be
compared with the words in other signals.

In operation 436, signals may have previously been asso-
ciated with the brand or associated with conversations dis-
cussing the brand. Other signals that take part in the conver-
sations may be identified as related to the brand. In operation
438, the analytic system may assign the brand identifier to
signals having any combination of the brand relationships to
described above.

FIG. 18 depicts an example of metrics that may be gener-
ated by analysis module 326 in FIG. 9. The following are only
examples of any variety of metrics that may be generated by
the analytic system and added to a metrics table for an account
and/or signal.

RATING: Identities an overall rating for a signal or an
account. The rating may be based on a score generated
from any combination of metrics.

SIGNAL COUNT: Identifies a number of signals relating
to the account for a particular time period. For example,
the signal count may identify the number of messages
generated for a particular brand within the time period.

RATING_COUNT: Number of ratings received by the
account. Some social networks allow users to rate sig-
nals, accounts, etc. For example, the users may rate an
article or product with a like, dislike, star rating, etc.

LIKES: Number of times the signal was assigned a like or
other positive rating.
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DISLIKES: Number of times the signal was assigned a

dislike or other negative rating.

FAVORITES: The number of times the signal was given a

favorite rating.

IMPRESSIONS: The number of times the signal has been

viewed.

LISTINGS: The number of times the signal has been added

to a signal list.

MENTIONS: The number of times another signal has

mentioned by another account or signal.

SENTIMENT: A sentiment score based on sentiment clas-

sifiers, such as a negative, neutral, or positive rating
assigned to the signal.

FIG. 19 depicts one example of how new accounts may be
dynamically identified and added to the analytic system. In
operation 441, the analysis module may identify signals from
a social network account that are related to a particular con-
textual dimension. For example, the social network account
may comprise a Twitter® account that is not currently iden-
tified in the analytic system. The analysis module may iden-
tify different signals associated with the same conversation.
Some of the signals in the conversation may come from the
Twitter® account. For example, some signals in the conver-
sation may be replies to signals coming from the Twitter®
account.

Operation 442 may determine if the number of signals
generated by the Twitter® account is above a first threshold.
For example, the analysis module may identify the number of
signals generated by the Twitter® account during the conver-
sation or the number of signals that relate to a particular
contextual dimension. The Twitter® account might not be
added to the analytic system if the number of signals is below
the first threshold.

Operation 444 may determine if a strength of the Twitter®
account is above a second threshold. For example, the
strength may be based on the number of followers for the
Twitter® account. The Twitter® account might not be added
to the analytic system if the strength of Twitter® account is
below the second threshold.

Operation 446 may determine an overall sentiment for the
signals from the Facebook® account related to a particular
contextual dimension. For example, the analysis module may
determine the overall sentiment for messages sent or posted
from the Facebook® account that relate to company X.
Operation 448 may identify the Facebook® account as an
advocate of company X when the messages from the Face-
book® account have any overall positive sentiment. Opera-
tion 447 may identify the Facebook® account as a detractor
of company X when the messages from the Facebook®
account have any overall negative sentiment. Operation 448
may identify the Facebook® account as an influencer of
company X when the messages from the Facebook® account
have a mixed sentiment and the strength of the Facebook®
account is above a particular level identified in operation 444.

In operation 450, the analytic system may determine if the
Twitter® account currently exists in the analytic system. For
example, the analytic system may determine if any of the
accounts stored in the analytic pipeline contain the URL for
the Twitter® account. If not, the Twitter® account may be
added to the analytic system in operation 452. The Twitter®
API operated by the collector may be automatically config-
ured to start periodically polling or streaming signals from the
Twitter® account.

Thus, the analytic system identifies and adds new accounts
that generate the most relevant signals for the contextual
dimensions and associated accounts.
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FIG. 20 depicts one example of how scores may be gener-
ated for accounts. Again, this is just one example of any
number of different scores that may be generated by the
analytic system for any account or defined contextual dimen-
sion. Operation 461 may identify conversations associated
with an account. As previously described, the account may be
associated with a brand and the conversations may discuss the
brand. Operation 462 may identify constituents associated
with the account. As also previously described, accounts par-
ticipating in the conversations may be identified as advocates,
detractors, partners, employees, influencers, or market.

In operation 464, counts may be accumulated for the con-
versations and the constituents. For example, the counts may
include the number of signals in the conversations, the num-
ber of conversations for the account, and the number of sig-
nals in the conversations associated with each of the different
constituents.

In operation 466, the strength of the conversations associ-
ated with the account may be determined. For example, the
strength of conversations may be based on the number of
constituents associated with the conversations, the number of
signals generated by each of the constituents, the strength of
the constituents, the length of the conversations, the senti-
ment of the conversations, etc. Some counts may be weighted
differently based on other relationship with the account. For
example, the count for an influencer constituent may be given
a greater weight than the count for a market constituent since
the influencer constituent has a relatively larger number of
followers.

In operation 468, a score may be derived for the account
based on the strength of the conversations associated with the
account. In operation 470, the overall score for the account
may be normalized with the scores for other accounts. For
example, scores may vary based on the size of the accounts.
Normalization allows different accounts to be ranked inde-
pendently of account size.

In operation 472, scores may be distributed, benchmarked,
and/or applied to any selectable contextual dimension. For
example, the score for an account associated with a particular
product may be compared with an overall score for all prod-
ucts in the same industry. The product score also may be
compared with scores for competing products or compared
other products in similar geographic regions.

In another example, the account may be associated with a
car brand and the analytic system may identify durations of
different conversations associated with the car brand. The
conversation durations for all other car brands may be aver-
aged together to generate an overall average conversation
duration for the car industry. The average length of social
network conversations in the car industry can then be used as
a benchmark and compared to the average conversation dura-
tion for the particular car brand associated with the account.
The same rollup averaging and comparisons can be per-
formed for competitor brands, geographic regions, or any
other definable contextual dimension. Thus, the relationship
identifiers and scores derived by the analytic system allow
metrics to be distributed and compared over a large number of
selectable axes.

FIG. 21 depicts an example process performed by the
social business index 304 in FIG. 8. In operation 480, key
metrics may be identified for index members. The key metrics
are the metrics needed to generate scores for particular con-
textual dimensions. For example, scores for accounts related
to products in a particular industry may use the number of
mentions of the accounts, number followers of the accounts,
etc. In operation 482, scores may be generated from the
metrics for the different index members. For example, scores
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may be generated for each brand of each company of each
industry with accounts in the analytic system.

Operation 484 may rank all index members based on their
associated scores. In operation 486, the scores and the rank-
ings may be displayed on a user interface based on industry or
any other user definable contextual dimension. In operation
488, the scores may be filtered based on industry, brand, or
any other contextual dimension. For example, scores may be
ranked and displayed for computer companies or for smart
phones.

FIG. 22 depicts one example of an electronic page 500
generated by the social business index. A row 500A within
electronic page 500 may identify a particular company
selected by a user. A row 500B may contain a field for select-
ing a contextual dimension for providing comparisons. For
example, the user may direct the social business index to
display metrics for different clothing brands. The compari-
sons can be displayed for different selectable time periods,
such as for a last week or a last month.

Row 500C may display names of the different brands that
the social business index is comparing. In one example, a first
column identifies metrics for a line of golf clothing sold by
company A. A second column may identify a purple label
brand sold by company A. A third column may identify a
brand #1 sold by a different company B and a fourth column
may identify a brand #2 sold by company B. A fifth column
may identify a particular clothing product, such as rugby
shirts.

Row 500D may identify account strength for the different
brands based on any of the previously described metrics. For
example, the golf line for company A may have an account
strength of 7.9 and brand #2 for company B may have an
account strength of 2.7. The account strength provides a
quantitative score for the quantity and quality of social signals
related to the brands.

Row 500E may identify a count of the number positive
signals for the brands. For example, row 500E may identify
the number of signals that liked or provided positive ratings
for the brand. Row 500F may identify the number of follow-
ers for the brand accounts.

Row 500G may identify the overall conversation strengths
for the brands as described above. For example, the account
for the purple label brand sold by company A may have a
conversation strength of 6.21 and the account for brand #2
sold by company B may have a conversation strength of 2.9.
As described above, conversation strength may take into
account an average discussion length, customer/influencer
discussion strength, total discussions, total signal count,
influencer signal count, etc.

A graph 500H may display a timeline for the account
strength of company A. In one example, the account strength
may include a count for the number of followers company A
has across all of the social networks and all associated social
accounts. This may include the number of followers for all
accounts associated with company A including the accounts
for any subsidiaries of company A. Graph 500H may display
the account strength along a multiple week, month, or year
time line.

Section 5001 may provide different selectable fields 502 for
displaying other metrics. For example, one field 502A may
display metrics for competitor accounts, a field 502B may
display an industry composite metric, and a field 502C may
display an index composite for all other accounts.

FIG. 23 depicts another example of an electronic page 520
generated by the social business index. A graph 522 may
display a timeline of composite business index scores for
multiple different industries.
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A field 524 allows a user to display the ranking for any
particular business. Section 525 allows users to filter rankings
based on business size and industry. Sections 526A-526E
shows the five highest ranked companies, identifies the indus-
tries associated with the companies, and shows the previous
week rankings for the companies.

Constituent Classification

FIG. 24 depicts one example of how social analytic system
100 may classify constituents 111. As mentioned above, sig-
nals 106 are collected from one or more social networks 104
and stored in accounts 108. For explanation purposes, some
accounts 108 may be referred to as company or primary
accounts 490A and some accounts may be referred to as
candidate accounts 490B. Company accounts 490A may be
associated with primary operators of ecosystems 492 and
candidate accounts 490B may be associated with any other
participants within the ecosystem.

For example, company accounts 490A and candidate
accounts 490B may be associated with any entity, organiza-
tion, business, company, user individual, etc. Ecosystems 492
may be associated with specific social network accounts. For
example, one ecosystem 492 may comprise a Twitter®
account in the United States for a car company and a second
ecosystem 492 may comprise a Twitter® account in France
for the same car company.

Collectors may associate signals 106 with different eco-
systems 492. For example, a company X may have a Twitter
account @companyX. An individual may have an account in
the company ecosystem @companyX_fan. The individual
may explicitly re-tweet a signal from @companyX. Since the
signal from @companyX_fan contains an explicit link to
@companyX, the collector may associate the signal with the
ecosystem @companyX. Some signals 106 may not have
enough context to be initially assigned to an ecosystem 492.
In this case, the signals 106 may go through an enrichment
process where content of the signal is analyzed and matched
with a most relevant ecosystem 492.

An account and signal analyzer 550 may generate social
metrics based on accounts 490, the content of signals 106
associated with accounts 490, and the relationships between
signals 106. In the example where company account 490A is
operated by a car company, the car company may post mes-
sages about a new car. An individual may post original mes-
sages about the new car and/or may reply to messages posted
by the car company from one of candidate accounts 490B.

Analyzer 550 may identify and aggregate all of the signals
generated from the car company account 490 A and separately
aggregate the signals generated by the individual candidate
account 490B. Analyzer 550 then may derive social metrics
from the aggregated signals. For example, analyzer 550 may
identify the number and types of messages sent from and sent
to accounts 490 over the last month and the number of sub-
scribers for accounts 490. Signal analyzer 550 also may deter-
mine the sentiment of the signals generated by candidate
accounts 490B and how well signals generated from candi-
date accounts 490B align with signals generated from com-
pany account 490A.

A constituent classifier 552 may use the social metrics to
classify candidate accounts 490B as different types of con-
stituents 111. For example, constituent classifier 552 may
identify some of candidate accounts 490B that generate a
certain number of positive messages about the car company
and/or the new car sold by the car company as advocates
111A.

Constituent classifier 552 also may identify spam accounts
111B that may generate spam messages or otherwise generate
signals that are annoying to the company operating the eco-
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system. Candidate accounts 490B generating a relatively high
number of negative signals about the company may be clas-
sified as detractors 111C. Candidate accounts 490B having a
certain level of social network influence, but not having a
particularly strong sentiment regarding the company ecosys-
tem, may be classified as influencers 111D. Candidate
accounts 490B for employees of the company may be classi-
fied as employees 111E. Candidate accounts 490B that are
not associated with any other type of constituent 111A-111E
may be classified as market 111F.

As mentioned above, classifying candidate accounts 490B
as different types of constituents 111 allow companies to
more efficiently operate and manage their social network
ecosystems 492. For example, a company can allocate per-
sonnel to interact with important advocate accounts 111A and
may decide to ignore or filter signals associated with spam
accounts 111B. Other corporate intelligence may be gleaned
from detractor accounts 111C that have an overall negative
sentiment regarding the company ecosystem 492.

As also mentioned above, differentiating between advo-
cate accounts 111A and influencer accounts 111D also may
help companies allocate resources. For example, an influ-
encer 111D may have a particularly high influence within a
coffee industry social networks but may not have a strong
impression or knowledge regarding a particular coffee com-
pany associated with ecosystem 492. The coffee company
may assign more personnel to the influencer account 111D in
an attempt to convert the influencer into an advocate 111A.

Employee accounts 111E may provide more relevant
social network analysis for other constituent accounts 111.
For example, marketing managers of companies may fre-
quently qualify as advocates 111A. Reclassifying the market-
ing managers as employees 111E may provide more accurate
social metrics regarding non-employee advocates 111E. Dis-
tinguishing employee accounts 111E also allow the ecosys-
tem to determine if messages generated by employees are
aligned with the messages generated by the company. Of
course other metrics and information also may be derived
from employee 111E accounts and the other constituent
accounts. Market accounts 111F may provide any other gen-
eral social networking information or metrics related to eco-
system 492 operated by the company.

FIG. 25 depicts one example process for classifying con-
stituents for an ecosystem. In operation 600, signals may be
collected from the social networks for a collection period. For
example, signals may be collected from thousands of social
network accounts associated with thousands of different
companies and/or brands. Other signals relating to the com-
pany or to brands sold by the companies may be collected
from millions of individual accounts. The signals may be
collected and aggregated over a collection period, such as 90
days. In operation 602, the signals may be associated with
different ecosystems. For example, all of the messages that
are sent, posted, forwarded, blogged, etc. within a particular
company social network account may be associated with a
same company ecosystemn.

Accounts identified in operation 604 as employees or part-
ners of the company ecosystem may be classified in operation
618 as employee accounts or partner accounts. For example,
the company operating the ecosystem may provide a list of
employees to the social analytic system. The list of employees
may be compared with candidate accounts associated with
the ecosystem and the matching accounts may be classified as
employee accounts.

The company also may provide a list of business partners,
such as distributors, retailers, subsidiaries, affiliates, of the
like, or any combination thereof. The list of business partners
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may be compared with the candidate accounts and the match-
ing accounts may be classified as partner accounts in opera-
tion 618.

Operation 606 may identify the number of signals gener-
ated by each account. For example, a user associated with a
particular candidate account may have sent, posted, replied,
blogged, forwarded, tweeted, re-tweeted, etc. 300 messages
over a last 90 days that were all associated with a particular
company. For example, the messages may have been posted

in the company account, sent to the company account, or 10 company ecosystem might not be counted. The threshold
contain content related to the brands or services provided by value can be determined based on any a priori or real time data
the company. and may represent candidate accounts with sufficient signal

In operation 608, types of interactions associated with the activity to be considered for advocate status. For example, the
signals may be identified. For example, some signals may be threshold value may be based on a percentage of the total, or
original messages posted by individuals and other signals 15 average, number of signals generated by the candidate
may be messages forwarding, re-tweeting, replying, etc. mes- accounts in the ecosystem over some time period. Other
sages originating from other accounts. The social analytic thresholds could also be used, such as thresholds based on the
system may identify a ratio between a number of original candidate accounts with the highest number of signals.
messages posted from an account and a total number of mes- Operation 624 starts generating an activity profile for the
sages generated from the account. 20 candidate account when signal volume is above the threshold

Operation 608 also may identify a uniqueness of the sig- value. The activity profile may comprise applying a series of
nals generated from the candidate accounts. For example, filters to the candidate account signals that work as a series of
some messages may comprise only a few words, acronyms, penalties and boosts to an overall advocate score. For
symbols, etc. Some accounts may also repeated send out the example, the number of signals generated by the candidate
same or similar messages. Other messages may comprise a 25 account over the last 90 days may be used as an advocate
large amount of unique text describing a particular product or score base value. Amounts may be are added or subtracted
event. The social analytic system may generate uniqueness from the base value based on different metrics. For example,
values quantifying the uniqueness of the signals generated by the advocate score may be increased or decreased based on a
the candidate accounts. nuisance factor of the messages, account activity, signal sen-

Operation 610 may identify how closely signals from can- 30 timent, and/or how well the candidate account messages align
didate accounts align with messages generated by a company with company messages.
or primary account (ecosystem messages). For example, a The activity profile may also be based on the level of
first term vector may be generated from all of the ecosystem sustained activity over a monitoring time period. For
messages. A second term vector may be generated from all of example, the candidate account may have generated a burst of
the messages generated from a particular candidate account. 35 signals two months ago and may recently have generated very
The alignment between the two term vectors may indicate few signals. The candidate account may have generated the
how well the company communicates with constituents. For burst of signals in response to a particular company promo-
example, the company may use unique terms to promote a tion and then signal activity may have faded. The candidate
brand. A candidate account that adopts the same unique terms account still may be relevant to the company ecosystem but
in subsequent messages may be considered to be more “in- 40 may no longer be considered an advocate due to the lack of
tune”, “aligned” or knowledgeable about the company mes- sustained signal activity.
sages or products. Operation 626 may determine the types of interactions for

In operation 612, the social analytic system may determine the candidate account. Advocates may have a greater mix of
the overall sentiment for the signals generated from a candi- message interactions then detractors. For example, advocates
date account. For example, the signals may include like or 45 may echo messages from other accounts, such as by forward-
dislike tags that identify a sentiment of the user for a particu- ing posts and/or relaying or re-tweeting messages. On the
lar company product, service, message, subject, etc. Senti- other hand, detractors may tend to promote their own agendas
ment of other signals may be determined from the particular by creating more original posted messages and echoing a
negative or positive terms used in the messages. fewer percentage of messages from other accounts.

Operation 614 may identify social graph metrics for the 50  For example, a coffee company may publish an article
candidate accounts. For example, the social analytic system regarding the low environmental footprint of their coffee. An
may identify the number of subscribers, followers, friends advocate may reply to the article with a comment indicating
etc. for each candidate account. Other social graph metrics the containers used for the coffee are not recyclable. The
may include the number of responses or replies to the mes- advocate also may post general messages asking the coffee
sages generated by the candidate accounts. These social 55 company to consider using recyclable containers. Thus, the
graph metrics may indicate an influence or “reach” the can- advocate account may have a mix of signal interactions that
didate account may have in a particular subject area. engage in different meaningful ways with the company eco-

In operation 616, the above described social metrics may system. On the other hand, a detractor may primarily post
be used to classify the candidate accounts. As explained original messages complaining about the price or quality of
above, based on any combination of these social metrics, the 60 the company coffee. Operation 626 may increase or decrease
candidate accounts may be classified as advocates, spam, the advocate score based on the number of original messages
detractors, influencers, employees, partners, or market. and echoed messages.

FIG. 26 depicts one example of social metrics that may be Operation 628 may identify the number or ratio of unique
used for identifying advocates. Advocates may represent signals to total signals generated by the candidate account. In
influential accounts in the ecosystem that generate generally 65 one example, an ecosystem may comprise a Twitter® account
positive messages regarding the company or brands associ- for an energy drink company. A user may send 40 messages
ated with the ecosystem. In one example, advocate accounts each asking the energy drink company to follow the user on a
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may be based on sentiment of the signals, sustained signal
activity, and the types of interactions associated with the
signals. In operation 620, the social analytic system identifies
the signals for one of the candidate accounts associated with
the ecosystem.

In operation 622, the signal volume is compared to a
threshold value. For example, the number of signals gener-
ated by the candidate account over the past 90 days may be
compared to the threshold value. Signals unrelated to the
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Twitter® account. The repetitive messages may not be con-
sidered particularly meaningful to the company compared
with messages from other accounts that engage in different
meaningful ways with the company ecosystem. Accordingly,
a high ratio of unique signals to total signals may increase the
advocate score for the candidate account and a low ratio of
unique signals to total signals may decrease the advocate
score for the candidate account.

Operation 630 may identify the sentiment of the messages.

As explained above, the sentiment can be determined from 10 . ke int t th £ the sionals and th
metadata that indicates a candidate account likes or dislikes 1Dg may taxe 11{1 %accp unl ¢ recency ol the sighas aél ©
the company, company brand, or company message. Word consistency of the signals over a glver} time peno. . For
terms also may be analyzed to determine the message senti- example, an advocat.e accoun.t that has interacted with the
ment. company ecosystem in a meaningful way over a last day may
Operation 632 may identify an alignment of candidate 15 be ranked hlgher than another advocate account that has not
account signals with company signals. For example, a car interacted Wlth the company ecosystem .for several weeks.
company may release a new line of fuel efficient cars during The social analytic system may continuously update the
the summer and may initiate a promotional campaign from advocate scores. For example, an existing advocate score may
the car company account promoting the fuel efficiency of the continuously be increased or decreased based on the latest
new car line. A candidate account may generate a large num- 20 social metrics calculated for a current day. If the latest social
ber of messages during the summer regarding vehicle fuel metrics increase the overall advocate score, the account may
efficiency. The candidate account messages do not necessar- be ranked higher amount the ecosystem advocates. If the
ily have to be directed just to the new car line released by the latest social metrics reduce the advocate score below a given
car company but also may be directed to electric cars and  threshold, the account may be reclassified from advocate to
other fuel efficient cars sold by other car companies. 25 some other type of constituent. For example, the threshold
The candidate account also may post negative fuel effi-  may be a percentage of the average for the top two advocate
ciency messages about a pickup truck sold by a second car scores. Any accounts with overall advocate scores falling
company and may post some positive fuel efficiency mes-  pejow the threshold may be reclassified as influencers or
sages about a hybrid vehicle sold the .second car company. markets.
The two groups of messages may not discuss the.new line ,Of 30 Thys, companies can more efficiently and eftectively allo-
cars released by the first car company, but operation 632 still " by respondine to advocate messages. and/or
may determine that the messages are aligned with the latest ;alle: re.sourcefs oy & P d 5 A & il
marketing campaign of the first car company that promotes (O OWINE Or friendimg & vocate accounts. Accounts that stop
fuel efficient vehicles. interacting with the company ecosystem may eventually be
Other factors may also determine how well candidate 35 re?moved as advocates and company resources may be
account messages align with the company ecosystem mes- directed to other accounts.
sage. For example, the user of the candidate account may _FIG. 27 depicts one example of how spam accounts may be
adopt unique or distinctive terms, trademarks, tag lines, etc. distinguished from advocates and other constituents. As men-
from the car company marketing campaign. Adoption of the tioned above, a spam account may send messages considered
unique company terms may increase the advocate score for 40 to be an annoyance or nuisance to the company ecosystem.
the candidate account. In another example, the car company  For example, spam accounts may generate a high volume of
ecosystem may comprise a Twitter® account for the United messages with few unique signals. The spam account may
States. The candidate account may post messages in Spanish generate 200 signals in the company ecosystem with only 50
to the United States Twitter® account. Using a non-native unique signals and 150 signals that are substantially the same
language to post messages may decrease the advocate score 45 or have little substance or original content.
for the candidate account. In operation 650, signals are identified for one of the can-
The advocate score also may be changed based on interac- didate accounts. In operation 652, a ratio is determined
tions with the company account. For example, a candidate between the number of unique signals generated by the
account may post a message criticizing a feature in the new account and a total number of signals generated by the
car line. However, the car company may respond by thanking 50 account over a time period. For example, the total number of
the user and notifying the user that the problem is under signals may comprise the number of messages generated by
investigation. The positive acknowledgment by the car com- the candidate account within the company ecosystem over a
pany may indicate a high level of importance given to the last week.
candidate account from the car company compared with mes- As mentioned above, the number of unique signals may be
sages from other candidate accounts that may be ignored by 55 determined by comparing the words used in the messages.
the car company. Accordingly, the advocate score may be For example, the social analytic system may convert the text
increased for positive company responses and may be of the messages into term vectors. A similarity between the
decreased for negative company responses or no company term vectors may be calculated using a vector space model
responses. that calculates the cosine of the angle between the vectors.
Operation 634 may identify the social graph metrics forthe 60 Messages may be identified as unique when term vector
ecosystem accounts. As mentioned above, the social graph angles compared with other term vectors are outside of some
metrics may identify the number of people/accounts that fol- threshold.
low the candidate accounts and the number of accounts that A ratio is calculated between the number of unique signals
the candidate accounts follow. The social graph metrics may and the total number of signals generated by the candidate
represent a reach of the candidate accounts indicating one 65 account. The advocate score may be increased in operation
level of social influence in the social networks. The advocate 658 for a high number of unique signals in relation to the total
score may be increased when the social graph metrics indi- number of signals.
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cate a relatively large influence and may be decreased when
the social graph metrics indicate a relatively low influence.
Operation 636 may determine if the candidate account
qualifies as an advocate account in the company ecosystem
based on any combination of social metrics described above.
For example, if the advocate score is above a threshold value,
the candidate account is classified as an advocate. The can-
didate accounts that qualify as advocates then may be ranked
in operation 638. With everything else equal, advocate rank-
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A spam score may be increased in operation 660 when the
number of unique signals is relatively low in relation to the
total number of signals.

In operation 654 the advocate score and spam score may be
adjusted based on the alignment of the candidate account
signals with company messages. As explained above in to
FIG. 26, advocates may generate messages that are aligned
with company messages. Conversely, a spam account may
generate messages that have little relevance with company

ecosystem messages. 10 . . . R
AZalso explairi:d above, the alignment of candidate mes- Wlth.a hflgh dratlo of posted messages may remain in the
sages with company messages may be determined by com- runmng 1or etractor st?tus. . .
bining all of the messages generated by the company and Operation 676 may 1dent1f}{ the .overall senFlment of the
generating a term vector from the combined messages. A messages. Operation 678 may .1dent1fy.the. can@ldate? account
second term vector may be generated for all of the candidate 15 352 detractor based on the social metrics identified in oOpera-
account messages. The two term vectors may be compared. UOI.IS 672-§7§. Onan aggre.gate, detracto.rs also may maintain
The social analytic system may increase the advocate scorein ~ their negativity overa relatively long period of time. Thus, the
operation 658 when angles for the two term vectors are amount of time the candidate account maintains any of the
Closely ahgned The spam score may be increased in opera- social metrics in operations 672-676 also may be taken into
tion 660 when the two term vectors are orthogonal or not 20 account when identifying detractor accounts.
closely aligned. FIG. 29 depicts an example process for identifying influ-
Operation 656 may identify an average signal length for the encers within the company ecosystem. An influencer may
candidate account messages. Spam accounts may generate represent an account with a relatively large influence in social
messages with a small number of terms with irrelevant or networks and also may have interests similar with the com-
insignificant content. For example, spam messages may only 25 pany ecosystem. For example, the company associated with
include a smiley face, a few non-descript words, or non- the ecosystem may sell coffee. The influencer may have a
senseical phrases. These short messages may be computer general interest in coffee and may actively discuss coffee in
generated “bot messages” or may be associated with indi- social networks. The influencer may not interact enough with
viduals that did not put much thought or substance into the the coffee company ecosystem to qualify as an advocate or
message. 30 detractor. However, the influencer does have an interest in the
The number and types of terms used in the candidate same subject matter or issues promoted by the coffee com-
account messages may be identified in operation 656. Par- pany and may have a relatively large number of subscribers.
ticular terms with higher contextual substance may be given In operation 690, the signals are identified for one of the
additional weight. For example, unique words used by the candidate accounts in the company ecosystem. In operation
company ecosystem may be given a higher weight compared 35 692 the social analytic system may determine if messages
with conventional words. The social analytic system may from the candidate account are topically aligned with the
increase the advocate score in operation 658 when the company messages. For example, the social analytic system
account signals have a relatively long average signal length may compare a company topic vector with a candidate
and may increase the spam score in operation 660 when the account topic vector. The candidate account messages may be
account signals have a relatively short average signal length. 40 determined to be topically aligned with the company mes-
In operation 662, the candidate account may be classified sages when the two topic vectors are in relatively close align-
as an advocate account or a spam account based on the advo- ment.
cate score and/or the spam score. As mentioned above, to Operation 694 may identify the number of subscribers for
thresholds may be determined based on the number of can- the candidate account. For example, the candidate account
didate accounts, highest and lowest advocate and spam 45 may have 1000 followers and/or friends. The number of sub-
scores, etc. Any candidate account with an advocate score scribers may also take into account the number of times the
above the advocate score threshold may be classified as an candidate account messages are echoed, retweeted, or
advocate account and any candidate account with a spam relayed, etc. by other accounts. A small number of subscribers
score above the spam score threshold may be classified as a may disqualify the candidate account as an influencer since a
spam account. Of course other factors may also be taken into 50 relatively few number of individuals to are likely to read
account when classifying the advocate and spam accounts. messages from the account. If the number of subscribers is
FIG. 28 depicts one example of social metrics that may be above a threshold value, the candidate account may be iden-
taken into account to identify detractors. Detractors like tified as an influencer in operation 696.
advocates may generate a lot of signal activity in the company A list of company employees may be downloaded to the
ecosystem. However, the detractors may have an overall 55 social analytic system subject in all cases to compliance with
negative sentiment where advocates may have an overall applicable laws and regulations. Alternatively, users may reg-
positive sentiment. In operation 670, the signals are identified ister as employees of the company. The social analytic system
for one of the candidate accounts. Similar to advocates, may identify the candidate accounts corresponding to the
accounts with low signal volumes may be given less priority employee list as employee accounts. A variety of different
than accounts generating a large number of messages. 60 signals may be collected from the employee accounts and
Accordingly, operation 672 may consider the candidate some of the signals unrelated to the company brands or topics
account for possible detractor classification when the signal may be filtered out. Social metrics for the employee accounts
volume is above a threshold value. may be separated from the social metrics derived for other
As mentioned above, detractors may be more interested in candidate accounts. This may provide more accurate con-
promoting their own agenda, as opposed to advocates that 65 stituent classifications and rankings, since company employ-
may be more interested in more substantive discussions ees may naturally generate large number of signals related to
related to company brands and issues. Detractors also may their company brands.
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exhibit less social interaction within the company ecosystem.
Accordingly, detractors may be less likely to echo messages
from other accounts and more likely to post original messages
promoting their own agenda. Operation 674 determines the
ratio of posted messages to total number of messages. For
example, a Twitter message sent to @CompanyX may be
considered a post into the CompanyX ecosystem. The mes-
sage may alternatively be referred to as a mention of Com-
panyX, but still be classified as a post. A candidate account

UIPATH EXHIBIT 1006



US 9,288,123 B1

27

Employee accounts may be ranked based on any of the
social metrics described above. For example, employee
accounts may be ranked based on signal volume, signal
recency, signal alignment with company message, message
sentiment, and/or employee influence. Alignment of
employee messages with company messages and positive
employee sentiment may help determine if employees are
properly representing the company message. For example,
low employee ratings may indicate employees are discussing
subjects that off topic from the brands or services that the
company is currently promoting.

Partner lists also may be downloaded by the company to the
social analytic system. For example, a list of accounts for
company affiliates, subsidiaries, retailers, wholesalers, etc.
may be downloaded. The candidate accounts associated with
the partner list may be identified as partner accounts. Any
other candidate accounts in the company ecosystem may be
identified as market accounts. Any of the metrics described
above also may be used for both ranking the partner accounts
or market accounts and determining if the partner or market
account messages are aligned with company messages.

The constituent classifications may be determined in any
order. For example, the employee and partner accounts may
be initially identified and separated from other candidate
accounts. Advocate accounts then may be identified. Spam
accounts may be identified while identifying advocates or
may be identified during a separate identification process.
The constituent classifications help determine the effective-
ness of company social networking. For example, the social
analytic system may identify around 200,000 advocates,
20,000 thousand influencers, and around 80,000,000 market
accounts for 20,000 company ecosystems. A company with a
relatively few number of advocates and detractors may have a
brand identity problem, since advocates and detractors may
tend to seek out certain brands.

FIG. 30 depicts one example of how the social analytic
system may determine signal alignments between candidate
accounts and company/primary accounts and determine the
number of unique signals associated with candidate accounts.
This is just one example of how the context of natural lan-
guage messages can be determined and compared with the
context of other natural language messages.

Messages 700A may be generated from a company
account and may be accumulated into one of more files.

Messages 700A may be accumulated for some recent time 45 SPACE MODE FOR AUTOMATIC INDEXING, Communi-
period, such as for the last 30 days. For example, messages cations of the ACM, Volume 18, Issue 11, Nov. 1975; and
700A may contain posts generated from a coffee company Mahout, CREATING VECTORS FROM TEXT, https://
account regarding a coffee machine sold by the company. cwiki.apache.org/confluence/display/ MAHOUT/Creating+
Signals echoed from the company account might not be used Vectors+from+Text which are both herein incorporated by
since they may contain messages that do not originate from 5o reference.
the coffee company account. FIG. 31 depicts one example of an electronic page 740
All of the messages 700B for a candidate account may be displayed by the social analytic system showing social met-
accumulated in one of more files over the same 30 day moni- rics for one of the advocate accounts for a company X. A field
toring period. For example, messages 700B may include 750A may identify the company X associated with the dis-
posts from an individual discussing coffee machines and cof- 55 played metrics. A field 750B may identify the number of
fee drinks. advocates currently associated with company X as well as
A term vector calculator 702A may generate a company identify a ranking of the company based on the number of
term vector 703A from company messages 700A. A term advocates. For example, based on the number and ranking of
vector calculator 702B may generate a candidate term vector advocates, company X may be ranked in the 977 percentile.
703B from all of the messages posted from the candidate 60 A field 750C may identify the total number of advocate
account. Company term vectors 703A and candidate term discussions detected in the company ecosystem over the
vectors 703B may be generated for every social network monitored time period and a company ranking based on the
account monitored by the social analytic system. number of discussions. Field 750D may identify a total num-
Term vectors 703 may have different dimensions and ber of subscribers for the company advocates. For example,
weightings corresponding to different terms. For example, 65 the number of subscribers may include all followers, friends,
terms in messages 700 may be weighted using a Term Fre- etc. for the company advocates. Field 750E may identify
quency Time Inverse Document Frequency (TFIDF) weight- other companies where the accounts are identified as advo-
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ing mechanism. The TFIDF weighting mechanism may iden-
tify and apply higher weights to unique terms in the company
ecosystem.

For example, a coffee company may sell espresso
machines that produce a thin layer of foam on top of'a cup of
espresso coffee. The thin layer of foam is sometimes referred
to as crema and the company may post messages describing
their coffee machines as producing the best crema. The term
crema may frequently be used in the messages posted by the
coffee company but might not be widely used outside of the
coffee company ecosystem. Other coffee companies may use
the term crema, but may not use the term as prominently as the
coffee company associated with the ecosystem. An individual
associated with the candidate account may post messages
discussing certain espresso drinks with superior crema. Com-
pany term vector calculator 702 A may assign a high weight to
the word crema, since the term is important to the coffee
company ecosysten.

Alignment calculator 704 may compare company term
vector 703 A with candidate term vector 703B and generate an
alignment value 706. For example, alignment calculator 704
may calculate a cosine of the angle between term vectors
703 A and 703B that corresponds with alignment value 706.

Alignment value 706 may be used to identify candidate
accounts with similar interests as the coffee company ecosys-
tem. For example, a high alignment value 706 may indicate
the individual associated with the candidate account is inter-
ested in crema but may not necessarily be familiar with the
coffee company associated with the ecosystem that is pro-
moting crema. Alignment value 706 also may identify
accounts that the coffee company should have known had
similar interests but that somehow slipped through the cracks
or accounts that were known but erroneously classified.

Term vector calculators 702 and vector alignment calcula-
tor 704 also may be used to identify the number of unique
signals associated with an account. For example, two mes-
sages posted by the same account may contain substantially
the same text or subject matter. Term vector calculator 702B
may generate term vectors 703B for each of the two posted
messages. Vector alignment calculator 704 may generate high
alignment values for two non-unique messages.

Term vectors and TFIDF weighting mechanisms are
known and therefore not described in further detail. For
example, vector space modeling is described in A VECTOR
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cates. For example, company X may have 18 advocates that
are also advocates for company B.

A section 752 may display social metrics for individual
advocates. For example, an individual with the nickname
CoffeeMan may be ranked as the number one advocate for
company X. The account for CoffeeMan may be http://twit-
ter.com/coffeeman. The last signal generated from the Cof-
feeMan account may have been 4 hours ago and the account
may have an audience of 631. For example, the audience may

comprise a number of followers. Friends may be a sub-set of 10 company X have closely aligned term vectors.

the followers. The advocate account may have a conversation Graph 760 may also indicate a small number of detractors
strength of 56 and an overall advocate score of 30,167. The based on the small size of circle D. The detractors also do not
conversation strength and the advocate score may be based on appear to have close communications with company X based
any of the social metrics described above. on the small y-axis value of circle D. For example, the low

Section 753 may identify additional metrics for the advo- 15 y-axis value may indicate the term vectors for detractors are
cate account. For example, a tab 754 A may identify the num- not closely aligned with the term vector for company X.
ber of posts generated from the advocate account that are Social Signal Correlation and Event Identification
related to company X. A tab 754B may identify a number of Social analytic system 100 in FIG. 1 may perform different
followers of the advocate account and a tab 754C may iden- time series analytics on social signals 106. For example,
tify the average sentiment for the messages relating to com- 20 social signal events, outliers, and/or predictions may be auto-
pany X generated by the advocate account. A tab 754D may matically identified based on the correlations between differ-
identify a number of signals echoed by the advocate account ent time series data associated with the social signals. The
or the number of advocate signals that have been echoed by identified events, outliers, and/or predictions may be used to
other accounts. better manage social media accounts.

A tab 754E may select a time period for displaying advo- 25  FIG. 33 depicts a graph 800 showing one example of time
cate metrics, such as for a last week, a last month, a last two series data 805 associated with a social signal metric for
months, etc. Graph 756 may show the number of messages ecosystem 492. For example, graph 800 may identify the total
posted from the advocate account for different days over the number of social signals generated each day in ecosystem
designated time period in tab 754E. 492. In this example, a horizontal X-axis 802 may represent

FIG. 32 depicts an example visualization of a Social Busi- 30 time and a vertical Y-axis 804 may represent a total signal
ness Graph (SBG) 760 identifying the strength of constituent count for ecosystem 492 for different time periods. The social
accounts for a company ecosystem and the strength of the analytic system may generate time series data for other social
conversations among the constituents. The circles on the metrics. For example, time series data may be generated for
graph represent the constituent accounts, such as market an overall ecosystem sentiment or for individual constituents.
accounts (M), company accounts (C), advocate accounts (A), 35  As described above, collectors may have collected social
influencer accounts (I), and detractor accounts (D). The size signals from one or more social networks associated with a
of each circle/globe may be based on a percentile rank of the particular company ecosystem. For example, every 30 min-
constituent population for the company. For example, the size utes, the collectors may extract social signals, such as Tweets,
of the A advocate globe in the SBG will be large for a com- re-Tweets, posts, messages, etc. The social signals may be
pany that ranks in the top 97th percentile of number of advo- 40 aggregated together and counted for different time periods.
cates compared to another company whose advocate popula- For example, the analytic system may sum the total number of
tion ranks in the 17th percentile. social signals generated within ecosystem 492 for each 30

The social analytic system may generate an overall social minute time period, hour time period, day time period, month
index score 762A for the company ecosystem based on any time period, year time period, etc to time series data 805.
combination of the social metrics described above. Some of 45  The explanation below may describe signals associated
the social metrics may be associated with the number and with a particular ecosystem. However, it should be under-
types of constituents that have been identified for the com- stood that any of the operations described may be performed
pany ecosystem. The company may be assigned a ranking for any aggregation of social signals associated with any
762B based on the social index score 722A. A previous week combination of social networks.
ranking 762C and/or a previous month ranking 762D may be 50  Time series data 805 identifies changes in the social signal
displayed. The ranking can be based on all companies in the activity for ecosystem 492 over time. These variations may
social analytic system or may be based on particular indus- provide strategic information. For example, a decrease in the
tries associated with the company ecosystem, such as apparel, overall signal count indicate a loss of consumer interest or
food, automobiles, etc. awareness in a brand associated with ecosystem 492.

The x-axis of social business graph 760 may identify con- 55  Some events associated with graph 800 may not be readily
versation participants and may indicate the level of participa- apparent from viewing graph 800 or may be misleading and
tion in conversations. For example, the x-axis may show how notrepresent events specifically related to ecosystem 492. For
much constituents talk mostly to each another and how much example, time series data 805 may identify a generic or unre-
constituents talk to others. X positions farther from the origin lated linear trend 806 where the signal count for ecosystem
may indicate more cohesiveness in the community. 60 492 progressively increases each day, month year etc. This

The y-axis may identify conversation topics that show the could be interpreted as a positive increase in the number of
diversity or topic similarity of the constituency. For example, users interacting in ecosystem 492. However, the increased
the y-axis may indicate how closely constituents work number of social signals may be attributed to generic or
together or the diversity of constituent ideas. For example, unrelated events not specifically related to activities within
circles further from the origin ofthe y-axis may indicate more 65 ecosystem 492. For example, more social signals may be
closely aligned term vectors. The connections between the generated at certain times of the day, days of the week, and/or
circles may have several aspects. For example, the thickness times of the year.
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of'the lines may represent sustained conversations, frequency
of burst conversations, or the volume of the burst conversa-
tions.

In the following observations may be derived from SBI
graph 760. Company X appears to have strong advocates
based on the large size of circle A. Advocates may commu-
nicate closely with the company X based on the similar posi-
tion of circles A and C along the y-axis. For example, the high
y-axis value of advocates A may indicate advocates A and
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In another example, the increase in the number of social
signals may be due to changes in the social websites support-
ing the ecosystem. For example, an overall increase in the
number of Twitter users may result in a generic increase in the
signal counts for many different ecosystems. Thus, generic
trend 806 may be unrelated to specific events associated with
ecosystem 492, such as a new social marketing campaign.

Generic trend 806 may be misinterpreted as a unique eco-
system event or may hide other events that are specifically

related to ecosystem 492. For example, a large increase in 10 ciated time periods. Differences between the two values out-
overall ecosystem signal count may be detected during a time side of a threshold range and/or that extend outside of a
period 808 around the first part of July. The company oper- threshold range for more than a predetermined time period
ating ecosystem 492 may have released a new product and/or may be identified as an anomaly.
launched a social media campaign for the new product around FIG. 36 depicts a graph 830 showing two different time
the same time period 808. It may not be clear from viewing 15 series data sets related to ecosystem 492. A first line repre-
time series data 805 if the increased signal count at time sents a first time series data set 832 and identifies a historic
period 808 is due primarily to a generic periodic increase in signal count for ecosystem 492 over a 6 month time period.
social signals over the fourth of July weekend or primarily For example, data set 832 may identify the average overall
due to the social media campaign launched by the company signal count generated in ecosystem 492 over a six month
operatic ecosystem 492. 20 time period for a past five years. Historic data set 832 may
The social analytic system may remove generic trend 806 have been filtered to remove the generic linear and periodic
and other periodic seasonal trends that may exist in time trends discussed above. A second line represents a second
series data 805. For example, the social analytic system may time series data set 834 for the overall signal count over a
perform a differencing process on time series data 805 that current or most recent six month time period.
removes generic trend 806. In this example, generic trend 806 25  Graph 830 may be used to forecast social signal activity
is linear. However, other generic trends may also be removed and identify social media anomalies. For example, over a
that have other linear or periodic patterns. previous five years ecosystem 492 may have repeatedly gen-
For example, FIG. 34 depicts a generic or unrelated peri- erated more signals during the end of summer and around
odic or seasonal trend 814 that also may exist within time Christmas. This may be associated with annual social media
series data 805. In this example, vertical axis 804 may again 30 promotions or a specific increase in brand awareness for the
identify the total signal count for ecosystem 492 and horizon- company operating ecosystem 492 during those time periods.
tal axis 802 may identify one hour time periods during a day. For example, ecosystem 492 may create more Tweet mes-
The total signal count in time series data 805 may periodi- sages around the end of summer and around Christmas by
cally start to increase each day around 6:00 am, peak some- initiating back to school and Christmas sales campaigns. If
time around 6:00-7:00 pm in the evening, and then continueto 35 similar campaigns are initiated for a current year, similar
decrease until around 6:00 am the next morning. At least signal count increases may be forecast in data set 834.
some portion of the signals counted in data 805 may be The current number of messages generated in ecosystem
generic and not directly attributable to events within ecosys- 492 during a most recent hour, day, week, month, etc. may be
tem 492. For example, at least some of the increase in signal identified in current data set 834 and compared with values in
count during the day may be attributed to the sleep, work, and 40 historic data set 832 for corresponding time periods. The
recreational habits of social website users. Other ecosystems social analytic system may identify any significant variation
may experience similar generic periodic changes in overall between the values in historic data set 832 and current data set
signal count. These generic periodic/seasonal trends 814 also 834 as an event, such as an anomaly.
may be removed from time series data 805 to help isolate For example, at a time period 836 between December and
signal metrics directly related to ecosystem 492. For example, 45 January the count values for data set 834 may be 20% below
a periodic differencing filter also may be applied to time the expected signal count value identified in historic data set
series data 805. 832. The social analytics system may automatically detect the
FIG. 35 depicts an example of time series data 805 that has substantial deviation between data sets 832 and 834 as an
been filtered to remove generic linear trend 806 shown in FI1G. anomaly event and send an associated message to an admin-
33 and generic periodic trend 814 shown in FIG. 34. Filtered 50 istrator of ecosystem 492, such as a brand manager. The
time series data 805 still may contain noise but may represent message may contain graph 830 and/or identify the 20%
a normalized ecosystem response. A line 824 may alterna- decrease from the expected total signal count for ecosystem
tively be referred to as an ecosystem trend and may represent 492.
an average normalized time series response for filtered time Comparison of data sets 832 and 834 may identify other
series data 805. For example, assuming no unique events 55 problems or events that may or may not be associated with
occur in ecosystem 492 that cause signal variations, an aver- ecosystem 492. For example, a decrease in the expected sig-
age overall signal response for ecosystem 492 may be a nal count may be attributed to the company discontinuing the
straight line. traditional back to school and holiday sales campaigns. Alter-
Underlying events, trends, patterns, and/or anomalies natively, the decrease in the expected signal count may be due
within filtered time series data 805 are more likely to be 60 to problems with the social website serving as a platform for
associated specifically with ecosystem 492 instead of associ- ecosystem 492, social signal collection problems, and/or
ated with generic social network events. For example, filtered analysis problem. For example, the website associated with
time series data 805 may have a substantially greater signal ecosystem 492 may have temporarily shut down or the col-
count around time period 820. Filtered time series data 805 lectors extracting the social signals may have been tempo-
has been filtered to remove changes in the signal count attrib- 65 rarily disconnected from the website.
utable to generic social events, such as a general increase in FIG. 37 depicts example time series data sets associated
the number of Twitter users or seasonal changes in social with different social metrics. In this example, graph 840
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media usage. Thus, the increased signal count around time
period 820 may be more likely to be related to a specific
ecosystem event, such as a new product release, product
recall, marketing campaign, etc. associated with the company
operating ecosystem 492.

A substantial change in time series data 805 may be iden-
tified as an event, anomaly and/or outlier. For example, the
analytic system may compare the values of data 805 with
values for mean or normalized ecosystem trend 824 at asso-
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shows an overall signal count for ecosystem 492 and graph
843 shows an overall sentiment for influencers associated
with ecosystem 492. Graph 840 shows for a filtered time
series data set 841 that identifies the signal count values. As
also explained above, different types of constituents may be
identified for ecosystem 492 and the sentiment may be deter-
mined for the different constituents. A second filtered time
series data set 844 may identify the influencer sentiment
values for ecosystem 492. A higher sentiment value may be

associated with a more positive sentiment, a lower sentiment 10 signals generated by market constituents staying relatively
value may be associated with a more negative sentiment, and constant until around August and then gradually increasing
a median sentiment value may be associated with an average starting around time 856. Data set 854 shows the total number
sentiment. of signals generated by advocate constituents staying rela-
Data sets 841 and 844 may visually and/or mathematically tively constant until around September and then gradually
identify relationships between different social metrics. For 15 starts increasing starting around time 858.
example, the influencer sentiment values, or a rate of change A high correlation value may mean one or more relation-
of'the influencer sentiment values, may substantially decrease ships 859 exist between data sets 852 and 854. For example,
around a time period 845. The overall signal count may sub- relationship 859 may indicate that advocates become more
stantially increase a day later around time period 842. involved in brands, services, products, etc. associated with
Correlating data set 841 with data set 844 may identify a 20 ecosystem 492 in response to increased general market activ-
relationship 846 between the reduced influencer sentiment at ity for ecosystem 492. In other words, relationship 859 may
time period 845 and the increased signal count at time period indicate that the activity of market constituents trigger or
842. For example, the social analytic system may determine drive the activity of advocate constituents. Accordingly, the
that data sets 841 and 844 are highly correlated and that drops company operating ecosystem 492 may decide to direct more
in influencer sentiment may cause the increases in the overall 25 marketing resources toward general customer marketing and
signal count for ecosystem 492. direct fewer marketing resources toward advocates.
Relationship 846 may be used to predict future social FIG. 39 depicts an example of the analytic system auto-
media events. For example, relationship 846 may indicate matically identifying social signal events. Social signal
that negative messages sent by influencers have the most events and/or ecosystem events may comprise any relation-
significant impact on the overall signal count of ecosystem 30 ship, trend, outlier, prediction, value, comparison, character-
492. Based on relationship 846, the social analytic system istic, or the like, or any combination thereof that may exist in
may monitor data set 844 and send messages to the company one or more time series data sets. The events may not be
operating ecosystem 492 whenever the influencer sentiment readily observable by simply viewing graphs of the time
drops below a threshold amount. The message may identify series data. Social analytic system 100 may use filtering and
the sharp decrease in influencer sentiment at time 845 and 35 correlation schemes described above to identify the events.
may also include a prediction indicating when and how much Collectors may collect social signals 106 from one or more
the overall signal count is predicted to increase at time 842. social networks 104 as described above. As also described
The account manager for the company operating ecosys- above, social signals 106 associated with the same ecosys-
tem 492 may review messages sent from influencers around tems 492 may be aggregated together. As also described
time 845 to determine why the sentiment value decreased. A 40 above, different metrics may be generated for different eco-
social media campaign can then be launched to address the system and ecosystem constituents. For example, constituent
issues associated with the sentiment drop. For example, the classifier 552 in FIG. 24 may identify different constituents
company operating ecosystem 492 may send messages from associated with different ecosystems 492.
their social website account addressing a product defect being Metrics generator 860 may then calculate different metrics
discussed in the influencer messages. 45 for the ecosystems 492 and the identified constituents. For
Data sets associated with any variety of different social example, metrics generator 860 may derive time series data
metrics and/or constituents may be may be compared and sets associated with signal counts, rankings, followers, signal
correlated by the social analytic system. For example, data alignments, sentiments, social graph metrics, etc. for indi-
sets associated with different advocates, spammers, detrac- vidual constituents or for any combination of constituents.
tors, influencers, employees, and market accounts may be 50 Metrics generator 860 also may generate time series data sets
compared and/or correlated. For example, the sentiment val- associated with overall ecosystems metrics, such as conver-
ues of advocate accounts may be correlated with the senti- sation strength, brand strength/ranking, number of followers,
ment values for market accounts. As shown above, data sets overall sentiment, overall signal count, etc.
associated with different constituents also may be compared A social signal time series processing system 862 may
with data sets associated with other ecosystem metrics, such 55 filter the time series data sets generated by metrics generator
as overall signal count, conversation strength, overall senti- 862 as described above. For example, processing system 862
ment, ecosystem strength/ranking, signal alignments, num- may remove the generic linear and periodic trends in the data
ber of followers, etc. Further, data sets associated with one sets associated with ecosystem 492 and that may also exist in
ecosystem may be compared and/or correlated with data sets the data sets for other ecosystems. Processing system 862
associated with other ecosystems or data sets associated with 60 then may automatically identify events in the filtered data
multiple ecosystems. sets, such as outliers, correlation values, relationships, and/or
FIG. 38 depicts examples of two data sets associated with predictions of future events.
two different constituents. A graph 850 shows a first line Processing system 862 also may automatically send mes-
representing a time series data set 852 tracking a signal count sages 864 to computing device 308, or display graphs on
for market constituents of ecosystem 492 and a second line 65 computing device 308, that identify the events, relationships,
representing a second time series data set tracking a signal outliers, and/or predictions for ecosystem 492. For example,
count for advocates of ecosystem 492. First data set 852 message 864 may identify a signal count for a particular type
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identifies the number of messages generated by market con-
stituents over several months and data set 854 identifies the
number of messages generated by advocate constituents over
the same several months.

Data sets 852 and 854 may have been filtered to remove the
generic linear and periodic trends described above in FIGS.
33 and 34 and then correlated. A high correlation value might
indicate a relationship between some events in the two data
sets. For example, data set 852 shows the total number of
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of constituent that is outside of a particular threshold. In
another example, message 864 may predict an increase in the
overall signal count for ecosystem 492 at a particular time
based on an identified increase or drop in constituent senti-
ment at a particular time. Any other time series data may be
correlated and any associated events identified. In one
example, metrics generator 860 and social processing system
862 may be operated within measures 302 and/or social busi-
ness index 304 in FIG. 8. Metrics generator 860 and process-

ing system 862 may be implemented in any combination of 10 tion of the data set.
software and/o.r haFdware. o . . Periodic trend filter 872 may use algorithms similar to the
FIG. 40 depicts in more detail time series processing sys- . . . o
tem 862. Metrics may be derived for the ecosystem for dif- filfferencmg algon.thms use?d in linear trend ﬁl.ter 870 except
ferent time periods producing different time series data sets I?Stead of caleulating the difference for each time step, fixed
868. For example, as explained above, one data set 868 may 15 time steps of seven daYSs one month, or one year, etc. may be
be identify overall signal count values for a particular ecosys- used. Different periodic trend filters may be applied on top of
tem for each hour, each day, each month, etc. each other to remove weekly, monthly, and/or yearly periodic
A linear trend filter 870 may remove generic linear trends patterns. For example, a first periodic filter may remove
from data sets 868. As explained above, generic linear trends generic periodic day to day variations in data sets 868. A
may represent changes in the data set values that may not be 20 second periodic filter may remove generic periodic weekly
directly related to events associated with the ecosystem or variations in data sets 868 and a third periodic filter may
that may also exist in other ecosystems. For example, a par- remove generic periodic monthly variations in the data sets
ticular data set 868 may indicate an increase in the number of 868.
ecosystem followers. The increased number of followers may Processing system 862 may make assumptions regarding
be due to an increased membership for the associated social 25 filtering periods based on known social media characteristics.
network, such as Twitter, and other ecosystems may experi- For example, processing system 862 may assume more social
ence a similar increase in the number of followers. signals are generated in the evening after work. Processing
A periodic trend filter 872 also may be applied to data sets system 862 also may assume that more social signals are
868 to remove generic periodic signal behaviors that again generated during weekends than during weekdays. Specific
may not be directly associated the ecosystem. Periodic trend 30 filters 870 and 872 may be used to remove these known
filter 872 may remove seasonal variations in the signal counts generic traits in data sets 868.
attributed to specific times of day, times of the month, or times Selected portions of data sets 868 also may be input into
of the year. For example, many different ecosystems may processing system 862 based on known events. For example,
experience a similar increase in signal count over the holi- a user interface may be changed on a Twitter website. A
days. Periodic trend filter 872 may remove the generic peri- 35 portion of data sets 868 that starts after the Twitter user
odic holiday signal increase from data sets 868. interface changed may be input into processing system 862.
Filtered data sets 873 output from filters 870 and 872 may The portions of the data sets associated with the new Twitter
represent fundamental behaviors of the ecosystems plus interface may be compared with historical data sets. For
noise. With large amounts of social signals at least some of the example, the data set associated with the new user interface
noise may cancel out. Thus, the filtered time series data sets 40 may be compared with a historical data set for a same metric
873 may better identify events directly related to specific from a previous month or may be compared with a historical
ecosystems. For example, an increase in the sentiment in a data set for a same month from a previously one or more
first filtered data set 873 A or an increase in the signal count of years.
a second filtered data set 873B may be more likely due to A social signal temporal correlator 874 may generate cor-
messages or events specifically related to the ecosystem. For 45 relation values 880 for different social signal data sets 873.
example, the increased signal count in data set 873B may For example, temporal correlator 874 may use a primary
more likely be related to a marketing campaign launched by component analysis algorithm or a correlation matrix algo-
the company operating the ecosystem as opposed to more rithm to identify highly correlated data sets 873. Linear analy-
people generally sending more Twitter messages over a sis may be used to identify linear relationships between the
weekend. 50 data sets 873 and non-linear analysis, such as a polynomial fit
Several known filtering techniques may be used in filters linear regression, may be used to identify non-linear relation-
870 and 872. For example, a differencing algorithm may ships between data sets 873.
determine an amount of change in the data set values between Correlation value 880 may indicate a correlation level
adjacent time periods. Linear trend filter 870 may determine between a first data set 873 A associated with an overall signal
a signal count for a first day and a signal count for a second 55 count forthe ecosystem and a second data set 873B associated
day and subtract out the difference from the signal count for with an advocate strength level for the ecosystem. In one
the second day. The time periods may be seconds, minutes, example, a larger correlation value 880 may indicate a higher
hours, days, months, etc. correlation between the two data sets and a lower correlation
In another example, a linear regression scheme may calcu- value 880 may indicate a lower correlation between the two
late a linear characteristic of a data set 868 is calculated over 60 data sets. Correlation value 880 may be numeric value or may
time. The linear characteristic may then be subtracted from be converted into textual correlation levels, such as high,
data set values at corresponding times. Other linear and/or medium, or low correlation.
non-linear data transformations may be performed before or Any combination of data sets 873 and associated social
after the differencing algorithm or linear regression algo- metrics may be compared by temporal correlator 874. In
rithm. 65 another example, first data set 873A may be associated with
Some generic trends may be nonlinear. For example, a first an overall ranking for the ecosystem compared with other
portion of a generic trend may increase at a first rate, a second ecosystems. The overall ranking may be based on any variety
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portion of the generic trend may decrease at a second rate, and
a third portion of the generic trend may increase exponen-
tially. Filters 870 and/or 872 may filter data sets 868 piece
wise over different time periods. For example, a first generic
linear trend having a first slope may be identified and removed
from the first portion of the data set, a second generic linear
trend having a second slope may be identified and removed
from the second portion of the data set, and a third filter may
remove the exponentially increasing trend from the third por-
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of social metrics, such as overall sentiment, signal count,
followers, conversation strength, or the like, or any combina-
tion thereof.

Processing system 862 may correlate data set 873 A with
other data sets 873B associated with other ecosystem metrics.
For example, data set 873A may be correlated with a second
data set 873B associated with a detractor sentiment level.
Temporal correlator 874 may generate a first correlation value
880 between the ecosystem ranking and detractor sentiment

level. 10 certain changes in one social signal data set 873A may
In other examples, temporal correlator 874 also may cor- accompany changes in another data set 873B. Ifthere are time
relate data set 873 A with other data sets associated with other lags between the changes in the two data sets 873 A and 873B,
metrics, such as an ecosystem signal count, conversation the first highly correlated data set 873 might serve as a pre-
signal strength, and other constituent metrics. Correlator 874 dictor for the second data set 873.
may then rank each data set metric based on the associated 15  For example, temporal correlator 874 may have identified
correlation values 880. For example, temporal correlator 874 a high correlation value 880 between first data set 873 A and
may generate correlation values 880 between data set 873A second data set 873B. Data set 873 A may be associated with
associated with the ecosystem ranking and different data sets the overall ecosystem signal count and data set 873B may be
873B associated with different constituent signal counts. Pro- associated with an advocate sentiment level. Over past days,
cessing system 862 then may rank the constituents based on 20 months, years, etc. event predictor 878 may have detected
their correlation values 880 with data set 873A. increases in the advocate sentiment level in data set 873B
Detractors may have a highest correlation value with the followed by a spike in the overall ecosystem signal count in
overall ecosystem ranking and may be assigned a highest data set 873 A. The high correlation value 880 between data
constituent ranking. The company operating the ecosystem set 873 A and 873B may indicate the spike in the overall signal
then may choose to allocate more resources to higher ranked 25 count may be related to the increase in advocate sentiment.
detractor constituents to hopefully increase the overall eco- Accordingly, event predictor 878 may generate an event
system ranking. Other constituents with lower correlation prediction 882 in response to detection of the increased advo-
values 880 may be allocated fewer resources. cate sentiment level in data set 873B that predicts an increase
An event detector 876 may detect any events that may be of in the overall ecosystem signal count in data set 873 A. Event
interest to the company operating the ecosystem. For 30 prediction 882 may identify a size or amount of the predicted
example, event detector 876 may be configured to send a signal count and/or an expected time of the predicted
message containing event identifier 884 to an account man- increased signal count. For example, historic time series data
ager whenever the overall sentiment of the ecosystem drops set for the ecosystem may indicate that a 10% or more
below a preconfigured level or changes faster than a precon- increase in the advocate sentiment level historically results in
figured rate. 35 a20% increase in the overall ecosystem signal count approxi-
Event detector 876 may be configured to automatically mately a week later. Accordingly, based on a high correlation
report any event, anomaly, threshold, response, signal range, value 880 generated by temporal correlator 874 and the
trigger value, or the like, or any combination in any selectable detected spike in the advocate sentiment level, event predictor
data set 873. As mentioned above, event detector 876 also 878 may generate an event prediction 882 that predicts the
may compare a current data set with a historic data set. For 40 overall signal count in data set 873 A will increase by 20% in
example, the social analytic system may generate a data set one week. In response to event prediction 882, the company
873A that tracks the ecosystem signal count over a previous operating the ecosystem may immediately send out a press
year. Event detector 876 may compare data set 873A with a release to mitigate whatever event prompted the reduced
data set 873B identifying the ecosystem signal count for a advocate sentiment.
current week. Event detector 876 may compare the signal 45  Thus, the social analytic system may generate time series
count for the current week with the signal count for the same data sets from social signals that are associated with different
week from the previous year. Event detector 876 may send ecosystem social metrics. Generic trends unrelated to ecosys-
event identifier 884 to the ecosystem account manager if the tems may be filtered. Correlation values can be calculated
signal count difference between the current week and the between different data sets and used for identifying and pre-
same week from the previous year is greater than a threshold 50 dicting social media events for the ecosystems.
amount. FIG. 41 shows a computing device 1000 that may be used
In another example, event detector 876 may determine for operating the social analytic system and performing any
parameters, such as a periodicity, trend, and/or noise values combination of the social analytics discussed above. The
for particular data sets 873. The parameters may be derived computing device 1000 may operate in the capacity of a
using algorithms similar to those used in filters 870 and 872. 55 server or a client machine in a server-client network environ-
The parameters may be stored in a measures table and ment, or as a peer machine in a peer-to-peer (or distributed)
updated daily, weekly, monthly, etc. Event detector 876 also network environment. In other examples, computing device
may determine an ecosystem trend and calculate differences 1000 may be a personal computer (PC), a tablet, a Personal
between values in data sets 873 values and the trend at cor- Digital Assistant (PDA), a cellular telephone, a smart phone,
responding time locations. For example, event detector 876 60 a web appliance, or any other machine or device capable of
may compare data sets values to ecosystem trend 824 in FI1G. executing instructions 1006 (sequential or otherwise) that
35. As mentioned above, an ecosystem trend may be atrend in specify actions to be taken by that machine.
afiltered data set that represents a specific characteristic of the While only a single computing device 1000 is shown, the
ecosystem. computing device 1000 may include any collection of devices
Social signal values with statistically significant variations 65 or circuitry that individually or jointly execute a set (or mul-
from the derived ecosystem trend may be identified as anoma- tiple sets) of instructions to perform any one or more of the
lies by event detector 876. For example, brand campaigns operations discussed above. Computing device 1000 may be
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may usually create linear increases in the ecosystem signal
count. A latest brand campaign may not generate a similar
increase in the signal count and the signal count may remain
relatively flat. This substantial change from the typical linear
signal count increase may be identified as an anomaly.

An event predictor 878 may forecast ecosystem events
based on correlation values 880 and/or identified events 884.
A high correlation value 880 between two data sets may not
necessarily mean a causal relationship but may indicate that
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part of an integrated control system or system manager, or
may be provided as a portable electronic device configured to
interface with a networked system either locally or remotely
via wireless transmission.

Processors 1004 may comprise a central processing unit
(CPU), a graphics processing unit (GPU), programmable
logic devices, dedicated processor systems, micro control-
lers, or microprocessors that may perform some or all of the
operations described above. Processors 1004 may also

include, but may not be limited to, an analog processor, a 10 departing from such principles. Claim is made to all modifi-
digital processor, a microprocessor, multi-core processor, cations and variation coming within the spirit and scope of the
processor array, network processor, etc. following claims.
Some of the operations described above may be imple-
mented in software and other operations may be implemented . The invention claimed is:
in hardware. One or more of the operations, processes, or 1. A method, comprising:
methods described herein may be performed by an apparatus, collecting occurrences of social signals associated with an
deViCe, or SyStem similar to those as described herein and with ecosystem, wherein the social Signals Comprise content
reference to the illustrated figures. and metadata for messages sent or posted on social net-
Processors 1004 may execute instructions or “code” 1006 29 works;
stored in any one of memories 1008, 1010, or 1020. The generating time series data identifying a number of the
memories may store data as well. Instructions 1006 and data occurrences of the messages for different time periods;
can also be transmitted or received over a network 1014 via a filtering at least some generic or unrelated trends from the
network interface device 1012 utilizing any one of a number time series data by normalizing the number of occur-
of well-known transfer protocols. . 23 rences of the messages for the different time periods;
Memor: 168 1008, ,1010’ e.lnd 1020 may be integrated identifying events in the ecosystem based on changes in the
together with pr ocessing deYIC? 100,0 » for example RAM or number of occurrences of the messages for the different
FLASH memory disposed within an integrated circuit micro- G iods in the filtered time series data:
processor or the like. In other examples, the memory may e pero . .
comprise an independent device, such as an external disk 30 1dent1fy11}g afirst da.t aset frgm the filtered tlme series data
drive, storage array, or any other storage devices used in comprising We?b interactions of users having a mmket
database systems. The memory and processing devices may relatlpnshlp Wlth ,a comparny Web. account,.wh.ereln the
be operatively coupled together, or in communication with web 1I}teract10ns include generating and viewing mes-
each other, for example by an I/O port, network connection, ~sages in the company web account; ) )
etc. such that the processing device may read a file stored on 35  identifying a second data set from the filtered time series
the memory. data comprising web interactions of users having an
Some memory may be “read only” by design (ROM) by influencer relationship with the company web account,
virtue of permission settings, or not. Other examples of wherein the users having the influencer relationship
memory may include, but may be not limited to, WORM, have a larger number of followers or subscribers in the
EPROM, EEPROM, FLASH, etc. which may be imple- 40 social networks than the users having the market rela-
mented in solid state semiconductor devices. Other memories tionship;
may comprise moving parts, such a conventional rotating disk generating a correlation value between the first data set
drive. All such memories may be “machine-readable” in that with the second data set;
they may be readable by a processing device. identifying a change in the second data set generated by the
“Computer-readable storage medium” (or alternatively, 45 users having the influencer relationship; and
“machine-readable storage medium™) may include all of the predicting a change in the first data set generated by the
foregoing types of memory, as well as new technologies that users having the market relationship based on the change
may arise in the future, as long as they may be capable of in the second data set and the correlation value between
storing digital information in the nature of a computer pro- the first data set and the second data set.
gram or other data, at least temporarily, in such a manner that 50 2. The method of claim 1, wherein the generic or unrelated
the stored information may be “read” by an appropriate pro- trends comprise linear changes in the number of occurrences
cessing device. The term “computer-readable” may not be of the messages.
limited to the historical usage of “computer” to imply a com- 3. The method of claim 1, wherein the generic or unrelated
plete mainframe, mini-computer, desktop, wireless device, or trends comprise periodic changes in the number of occur-
even a laptop computer. Rather, “computer-readable” may 55 rences of the messages.
comprise storage medium that may be readable by a proces- 4. The method of claim 1, wherein the generic or unrelated
sor, processing device, or any computing system. Such media trends comprise seasonal trends associated with social net-
may be any available media that may be locally and/or work patterns for different times of a day, week, month, and
remotely accessible by a computer or processor, and may year.
include volatile and non-volatile media, and removable and 60 5. The method of claim 1, wherein filtering at least some of
non-removable media. the generic or unrelated trends from the time series data
Computing device 1000 can further include a video display comprises applying differencing algorithms and linear
1016, such as a liquid crystal display (LCD) or a cathode ray regression algorithms to different data sets from the time
tube (CRT)) and a user interface 1018, such as a keyboard, series data associated with different social metrics.
mouse, touch screen, etc. All of the components of computing 65 6. The method of claim 1, wherein identifying the events
device 1000 may be connected together via a bus 1002 and/or comprises identifying anomalies in the filtered time series
network. data.
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For the sake of convenience, operations may be described
as various interconnected or coupled functional blocks or
diagrams. However, there may be cases where these func-
tional blocks or diagrams may be equivalently aggregated
into a single logic device, program or operation with unclear
boundaries.

Having described and illustrated the principles of a pre-
ferred embodiment, it should be apparent that the embodi-
ments may be modified in arrangement and detail without
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7. The method of claim 6, wherein identifying the anoma-
lies comprises:

identifying an ecosystem trend in the filtered time series
data;

comparing values of the ecosystem trend to values of the
filtered time series data at corresponding times; and

identifying the values of the filtered time series data outside
of a range of the values of the ecosystem trend as the

anomalies. further configured to identify anomalies in the data sets.
8. The method of claim 1, wherein identifying the events 10  14. The apparatus of claim 13, wherein the processor is
comprises: further configured to
identifying a rate of change in values for the filtered time identify ecosystem trends in the data sets;
series data; compare values of the ecosystem trends to values of the
identifying portions of the filtered time series data where data sets at corresponding times; and
the rate of change is outside a threshold rate. 15 identify the values in the data sets outside of a range of the
9. An apparatus, comprising: values of the ecosystem trends as the anomalies.
memory configured to store social signals comprising mes- 15. The apparatus of claim 9, wherein the processor is
sages generated, sent, and viewed by users; and further configured to:
a processor configured to: identify changes in values in the data sets; and
collect the social signals associated with an ecosystem, 20  identify the changes above a threshold rate.
wherein the ecosystem comprises the messages gen- 16. The apparatus of claim 9, wherein the processor is
erated, sent, and viewed by the users on social media further configured to generate one of the correlation values
website accounts associated with a company; between the first one of the data sets associated with a first
identify different types of constituents generating the ecosystem metric and the second one of the data sets associ-
social signals; 25 ated with a second ecosystem metric.
generate time series data from the social signals; 17. The apparatus of claim 9, wherein the processor is
generate correlation values between different data sets in further configured to:
the time series data associated with the different types detect a first one of the events in the first one of the data sets;
of constituents; and
identifying events related to the company based on the 30  predict a second one of the events in the second one of the
correlation values between the different data sets data sets based on detection of the first one of the events
associated with the different types of constituents; and the generated one of the correlation values between
identify a first one of the data sets with the social signals the first one of the data sets and the second one of the data
generated by a first set of users having a first type of sets.
constituent user relationship with the company; 35 18. The apparatus of claim 9, wherein the processor is
identify a second one of the data sets with the social further configured to:
signals generated by a second set of users having a generate the first one of the data sets for an ecosystem
second type of constituent user relationship with the metric, wherein the first one of the data sets provides a
company; historic social signal pattern for the ecosystem metric;
detect responses in the messages of the first set of users 40  generate the second one of the data sets for the ecosystem
in the first one of the data sets; and metric, wherein the second one of the data sets provides
predict responses in the messages of the second set of a current social signal pattern for the ecosystem metric;
users in the second one of the data sets based on the compare values for the first one of the data sets with values
responses of the first set of users in the first one of the for the second one of the data sets at corresponding time
data sets and the correlation values generated between 45 periods; and
the first one of the data sets and the second one of the identify the values for the second one of the data sets that is
data sets. outside of a range of the values for the first one of the
10. The apparatus of claim 9, wherein the processor is data sets.
further configured to: 19. A system, comprising:
identify sentiments of the constituents generating the 50  memory configured to store social signals comprising mes-
social signals; sages generated, sent, and viewed by users on social
identify a number of the social signals generated by the media website accounts associated with a company;
different types of constituents; a processing device configured to:
identifying the events related to the company based on generate time series data sets from the social signals,
changes in the sentiments of the constituents, the num- 55 wherein the data sets are associated with different met-
ber of social signals generated by the different types of rics including a signal count identifying a number of
constituents, and the correlation values between the dif- messages generated, sent, and viewed over time;
ferent data sets associated with the different types of filter at least some generic trends from the time series data
constituents. sets;
11. The apparatus of claim 9, wherein: 60  identify a first one of the data sets with social signals
the first set of users have advocate relationships with the generated by a first set of users having a first type of
company and generate overall positive messages asso- constituent user relationship with the company;
ciated with the company; and identify a second one of the data sets with social signals
the second set of users includes other users that generate or generated by a second set of users having a second type
view messages in the company social media website 65 of constituent user relationship with the company;
accounts but do not have advocate relationships with the calculate correlation values between the first one of the
company. data sets and the second one of the data sets;
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12. The apparatus of claim 10, wherein the processor is
further configured to:

identify an increase in the sentiments for the first one of the
data sets; and

predict an increase in an overall number of messages gen-
erated by the second set of users based on the increase in
sentiments for the first one of the data sets.

13. The apparatus of claim 9, wherein the processor is
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detect responses of the first set of users in the first one of the
data sets; and

predict responses of the second set of users in the second
one of the data sets based on the responses of the first set
ofusers in the first one of the data sets and the correlation 5
values generated between the first one of the data sets
and the second one of the data sets.
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